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Precise 3D extraction of building roofs by fusion of 
UAV-based thermal and visible images
Mitra Dahaghina, Farhad Samadzadegan a and Farzaneh Dadrass Javan a,b

aDepartment of Surveying and Geospatial Engineering, College of Engineering, University of Tehran, Tehran, 
Iran; bFaculty of Geo-Information Science and Earth Observation (ITC), University of Twente, NB Enschede, 
The Netherlands

ABSTRACT
Thermography is an efficient way of detecting the thermal pro-
blems of the roof as a major part of a building’s energy dissipation. 
Thermal images have a low spatial resolution, making it a challenge 
to produce a three-dimensional thermal model using aerial images. 
This paper proposes a combination of thermal and visible point 
clouds to generate a higher-resolution thermal point cloud from 
roofs of buildings. For this purpose, after obtaining the internal 
orientation parameters through camera calibration, visible and 
thermal point clouds were generated and then registered to each 
other using ground control points. The roofs of buildings were then 
extracted from the visible point cloud in four steps. First ground 
points were removed using cloth simulation filter (CSF), and then 
vegetation points were eliminated by applying entropy and red- 
green-blue vegetation index (RGBVI). Geometric features and 
a segmentation step were considered to filter roofs from other 
parts. Finally, by combining visible and thermal point clouds, the 
generated point had a high spatial resolution along with thermal 
information. In the achieved results, the thermal camera calibration 
was performed with an accuracy of 0.31 pixels, and the thermal and 
visible point clouds were registered with an absolute distance of < 
0.3 m. The experimental results showed an accuracy of 18 cm for 
automated extraction of building roofs and 0.6 pixel for production 
of a high-resolution thermal point cloud, which was five times the 
density of the primary thermal point cloud and free from 
distortions.
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1. Introduction

In recent years, the importance of energy consumption assessment has increased, espe-
cially in the building construction sector which accounts for one-third of the total energy 
consumption (González-Aguilera et al. 2012; Ham and Golparvar-Fard 2012). Hence, three- 
dimensional (3D) thermal models are needed to visualize energy performance and allow 
simultaneous measurement and interpretation (Borrmann, Elseberg, and Andreas 2013). 
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Thermography is a robust and non-destructive tool for recording, analysing, and reporting 
the actual energy performance of existing buildings (Lagüela et al. 2014; Farrag, Yehia, 
and Qaddoumi 2016; Gamidi 2009). The thermal inspection of the building has applica-
tions such as detecting defects and cracks, identifying sources of air leakage and seams, 
detecting moisture, inspection of insulation layers, and assessing heating, ventilation, and 
air conditioning (HVAC) systems (Asdrubali, Baldinelli, and Bianchi 2012; Barreira and 
Freitas 2005; Barreira and de Freitas 2007; Plesu, Teodoriu, and Taranu 2012; Wild 2007). 
Among the building components, the thermal inspection of the building roof is particu-
larly important as roofs are a major source of energy loss (Zhang et al. 2015). Identifying 
and repairing roof defects and thermal anomalies extend its life span and avoid heavy 
costs (Zhang et al. 2015).

Different methods have been proposed for the thermal modelling of buildings. One of 
the most common methods is to simulate energy performance in buildings (Ahmad and 
Culp 2006; Heo, Choudhary, and Augenbroe 2012), for which energy simulation software 
programs (such as EnergyPlus, Ecotect, and eQuest) have been used (Chidiac et al. 2011; 
Poel, Gerelle, and Balaras 2007). Still, these methods have several drawbacks: (1) They are 
time-consuming and require a certain level of skill in transmitting geometrical information 
and building energy as input parameters; (2) existing energy models do not represent the 
actual energy performance, but rather simulate it; and (3) they are unable to detect 
construction defects and places that need to be retrofitted, and thus lead to energy loss 
(Ham and Golparvar-Fard 2013).

By installing thermal cameras on the unmanned aerial vehicles (UAVs) as a useful and 
cost-effective tool, it is possible to obtain images from the roof of buildings while covering 
large industrial and urban areas with high precision in a short time (Mader et al. 2016; 
Maset et al. 2017). Thermal images have a lower spatial resolution than visible images and 
have significant radial distortion. Because of the uniform texture of thermal images, they 
are less capable of detecting distinct features, and due to the narrow field of view of the 
thermal cameras, more thermal images are required to cover the desired area (Javadnejad 
2017). The main challenge of this research is to overcome the limitations mentioned for 
thermal images over visible images, i.e. producing a low-density thermal point cloud with 
distortions, especially at the edges (Ham and Golparvar-Fard 2012). The fusion of the 
visible point cloud and thermal point cloud is suggested as a solution to improve the 
thermal point cloud in this research, which requires the registration of two point clouds in 
a common coordinate system. Thus, the main objective of this research is to produce a 3D 
spatial-thermal model of buildings roofs using aerial imagery taken by UAVs in order to 
visualize the thermal status of the roof and to identify thermal anomalies for reconstruc-
tion purposes and energy consumption optimization.

1.1. Related work

3D thermal modelling can serve as an alternative to 2D thermal investigation methods 
and has been considered in recent research (Rakha and Gorodetsky 2018). Javadnejad 
et al. (2020), Lin et al. (2019), Hoegner and Stilla (2018), Ghassan (2017), Maset et al. (2017), 
Iwaszczuk and Stilla (2017), Hoegner et al. (2016) utilized the UAV system and thermal 
camera to generate a 3D thermal model. Lin et al. (2018), (2019), Macher et al. (2019), Ham 
and Golparvar-Fard (2013) () formed a 3D model of building walls by using a digital 
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camera and a thermal camera simultaneously and registering their data. Moreover, 
Costanzo et al. (2015), Previtali et al. (2014), Lagüela et al. (2013), and González-Aguilera 
et al. (2012) obtained a 3D model through a laser scanner point cloud and mapped 
thermal information to it. Adán et al. (2019), Oreifej, Cramer, and Zakhor (2014), Borrmann 
et al. (2011), and Alba et al. (2011) used robots consisting of laser scanners, digital 
cameras, and thermal cameras to generate 3D thermal models by solving the orientations 
between them. 3D thermal modelling research falls into three general categories:

Thermal image mapping to an existing 3D model
In this method, the polygon model of the building is created using thermal images, and 

then the images are matched to the model. Schreyer and Hoque (2009) produced 
a building’s polygon model with Sketch Up software and projected thermal images to 
it. Avbelj, Iwaszczuk, and Stilla (2010) developed a semi-automated building model with 
aerial imagery using the inJECT software. Then, via a point-by-point feature matching in 
the thermal images and the polygon model, the external orientation parameters were 
improved to fit the thermal images to the model. Also, Iwaszczuk and Stilla (2017) created 
a building model from aerial imagery and mapped the thermal images using a line-based 
feature matching between 2D images and 3D models. To improve the matching, they 
took the uncertainty of selecting features into account by weighting them.

Image fusion and matching of visible images and thermal images
Because of the low resolution and lack of distinctive texture in some parts of the 

thermal images, studies in this category have used the fusion of thermal and visible 
images to solve the thermal image orientations. Lagüela et al. (2012) formed a thermal 
mosaic and then used the intensity-hue-saturation (HIS) method to fuse it with visible 
images. The point cloud was then obtained from fused images. Moreover, Ham and 
Golparvar-Fard (2012) obtained thermal and visible images concurrently and then used 
external orientation parameters of the visible image to form the thermal point cloud. 
Hoegner et al. (2016) co-registered and fused UAV-based 3D point clouds and thermal 
images in the image domain and 3D space and obtained higher accuracy with the 
method of optimizing a projection in 3D space or minimizing distances in 3D space. 
Javadnejad et al. (2020) also collected thermal infrared (TIR) and red-green-blue (RGB) 
images from two cameras mounted on a unmanned aerial system (UAS) and proposed 2D 
and 3D co-registration approaches through multi-cameras calibration to generate a fused 
3D point cloud and achieve better results with the 2D approach. Daffara et al. (2020) 
simultaneously acquired the data by two thermal and visible sensors and used external 
orientation parameters of visible images to map the thermal texture to the visible point 
cloud.

Texture mapping of the thermal images to the point clouds
The methods presented in this category are based on the mapping of thermal images 

to the point cloud derived from visible images or a laser scanner. López-Fernández et al. 
(2015) used an aerial trike equipped with visible and thermal cameras, global navigation 
satellite system (GNSS), and inertial measurement unit (IMU). Then thermographic map-
ping was done based on the known baseline between both cameras, obtained by 
calibration in the laboratory. Ghassan (2017) identified and matched the corresponding 
features between thermal images to form a panoramic image. Subsequently, a point 
cloud was produced from visible images and the thermal panoramic image was mapped. 
Maset et al. (2017) produced the thermal and visible point cloud from aerial imagery using 

7004 M. DAHAGHIN ET AL.



the 3DF Zephyr software. Using the iterative closest point (ICP) algorithm, point clouds 
were registered to each other, and the visible point cloud obtained thermal texture. 
Hoegner and Stilla (2018) registered the point cloud generated from thermal images 
and a 3D model via global positioning system (GPS) information. After refining the 
thermal image orientations using external point cloud orientation parameters, these 
images were used to apply the thermal texture to the 3D model. Lin et al. (2019) first 
made a rough registration between the thermal and visible point clouds. The position of 
the corresponding points from the visible images was mapped to the visible point cloud 
and, through the intersection with the thermal images, the position of the features was 
corrected and precise registration was made. Lin et al. (2020) used four visible and four 
thermal cameras to cover a large-scale area. They proposed three different texture 
mapping methods, and global image pose refinement outperformed the other strategies.

These methods have advantages and disadvantages for 3D thermal modelling of 
buildings. The first method has the advantage of not requiring expensive tools. Its 
disadvantages are complex manual processing, being time-consuming, and difficulty of 
precisely matching the images to the model. The model created in this method is not 
a real 3D model, and the final model only shows the relative amount of heat difference. In 
the second method, which exploits the advantages of combining thermal images and 
visible images to solve the thermal image orientations, the 3D model is created by images 
or a laser scanner; hence, the generated model is a real 3D model. In the methods where 
visible and thermal images are fused at the pixel level, or the methods using thermal 
images alone, the point cloud will have a low density. In the third method, the model is 
also a real 3D model but includes limitations such as the need for perpendicular images 
taken to the point cloud. Robots with expensive equipment have also been used in some 
studies, but this is not cost-effective. Limited research has focused on 3D thermal model-
ling of building roofs as a major part of building energy waste. Also, this 3D thermal 
modelling has not been implemented on larger-scale areas. The application of thermal 
and visible data integration is a good solution to overcome the limitations of thermal 
imagery. For this purpose, the fusion at the point cloud level is considered in this research 
to create a thermal point cloud with a higher density and free of distortion.

2. Materials

The studied data are acquired from an area of 3.48 ha in Filestan and 33.6 ha in 
Charmshahr (located in the south of Tehran) (Figure 1). A multi-rotor UAV equipped 
with visible and thermal sensors is used for imagery. The heights of the designed flights 
are listed in (Table 1).

A GoPro Hero4 camera with a 3 mm focal length and 12MP resolution with 3000 ×4000 
image dimensions is also employed. Thermal images are captured by an Avio/NEC’s TC688 
camera, with a 25 mm focal length and 440 ×640 image dimensions and a 17 μm pixel 
size.

3. Methodology

To produce 3D thermal maps of the buildings’ roofs using visible and thermal aerial 
imagery taken by the UAV, five steps are considered: 1. geometric camera calibration, 2. 
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point cloud generation, 3. point cloud registration, 4. extraction of the building roofs, and 
5. thermal and visible point clouds’ combination. The diagram of the proposed method is 
depicted in Figure 2.

Figure 1. Study area: (a) Filestan region, (b) Charmshahr region.

Table 1. Heights of the designed flights.
Region Camera Flight height (m)

Filestan Visible 66.6
Filestan Thermal 48.6
Charmshahr Visible 218
Charmshahr Thermal 160

Figure 2. Diagram of the proposed method.
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3.1. Geometric camera calibration

Geometric camera calibration is performed to determine the internal orientation para-
meters, including focal length, principal point position, and lens-related distortions 
(Usamentiaga, Ibarra-Castanedo, and Maldague 2018). Self-calibration is possible in visible 
cameras, but in thermal cameras, due to the limitations of thermal images (low spatial 
resolution, single-band images, and difficulties in identifying distinct features), pre-project 
calibration is performed to obtain accurate camera parameters. By capturing images from 
a calibration pattern in different viewing angles, the parameters are calculated by identi-
fying the target and forming their object coordinates (Zhang 2000). To have more 
detectable targets in thermal images, the emissivity of the markers should be sharply 
different from the surface. Active targets require electrical devices such as an external 
power supply that causes more cost and complexity. Also, they suffer from diffraction 
effects, and the centre of the target lamps cannot be located precisely. For these reasons, 
nowadays, passive targets are mostly used (Rangel, Soldan, and Kroll 2014). It is better to 
heat the passive targets before taking images so that they are more distinct from the 
background and have a higher contrast.

Chessboard pattern and circular are two popular patterns used for camera calibration 
(Xiao and Fisher 2010). The smoothness and symmetry in the shape of circles and ellipses 
make them ‘blur-resistant,’ and the use of optimization methods is possible for finding the 
optimal location of ellipses, resulting in better accuracy for thermal camera calibration 
with a circular target (Xiao and Fisher 2010; Usamentiaga et al. 2017; Datta, Kim, and 
Kanade 2009). Therefore, circular targets are considered for thermal camera calibration. 
After imaging the calibration board, an adaptive threshold is applied to the thermal 
images to further differentiate the targets from the calibration board surface (Prakash 
and Karam 2012). Ouellet and Hébert’s algorithm is used as an ellipse extraction method 
to distinguish the centre of circles for calculating ellipse parameters by exploiting inter-
sections of lines perpendicular to the gradient (Ouellet and Patrick 2009). Avoidance of 
common edge detection error, low sensitivity to noise, and ellipse detection in low- 
contrast images are the advantages of using this algorithm (Ouellet and Patrick 2009). 
After identifying target centres and forming the object space, the camera calibration 
parameters are estimated. As given in Equations (1)-(2), the Homography matrix H is 
defined to relate object coordinates and image coordinates. 

x
y
1

2

4

3

5 ¼ A r1 r2 t½ �

X
Y
1

2

4

3

5 (1) 

H ¼ A r1r2t½ � (2) 

where [X Y] are the object coordinates and [x y] are the image coordinates of a point; 
A contains internal orientation parameters; r11-r32 are rotation matrix coefficients; and 
ðtx; ty; tzÞ are transition parameters. In Usamentiaga et al. (2017) and Guerchouche and 
Coldefy (2008), several common calibration methods have been compared and the 
highest accuracy was reached via the Zhang method. Therefore, the Zhang method 
proposed in 2000 is used to solve the Homography matrix. Given n images 
and m points, Equation (3) is defined: 
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Xn

i¼1

Xm

j¼1

mi;j � A; Ri; ti;Mj
� �2 (3) 

where mi;j represents the image space coordinate and m̂ denotes the projection coordi-
nate matrices. Minimizing Equation (3) is a nonlinear problem solved by the Levenberg- 
Marquardt algorithm (More 1977). In these equations, the effects of lens distortions, 
including radial and tangential distortion, should also be taken into account (Fryer and 
Brown 1986). Thus, the internal orientation parameters are calculated by estimating the 
Homography matrix.

3.2. Point clouds’ generation

SfM (Structure from Motion) and MVS (Multi View Stereo) algorithms are employed to 
generate a point cloud from unordered and un-calibrated visible images (Smith, Carrivick, 
and Quincey 2016). SfM is used to trace the points in successive images taken from 
different views to reconstruct the 3D scene, the cameras’ position, and orientations based 
on the matching of common points (Boufama, Mohr, and Veillon 1993; Spetsakis 1991). 
The SfM algorithm uses the corresponding points for bundle adjustment to estimate the 
3D scene structure, external camera calibration (camera positions), and internal camera 
calibration parameters (Snavely, Seitz, and Szeliski 2008). Optimal 3D geometry and 
camera parameters yield bundle adjustment by minimizing a cost function (Michelleti, 
Chandler, and Lane 2015). The last step is to use MVS algorithms on the sparse point 
cloud. Compared to other MVS algorithms, the method proposed by Furukawa and Ponce 
(2009) (patch-based MVS (PMVS)) performs well (Ahmadabadian et al. 2013). MVS usually 
increases the density of the point cloud at least twice. As a result, thermal and visible point 
clouds are produced and the internal parameters obtained in the geometric calibration 
stage of the thermal camera are utilized to generate the thermal point cloud.

3.3. Point clouds’ registration

Seven Helmert transform parameters (one scale parameter, three rotations, and three 
transitions) are employed to define the relationship between the object space and the 
model space (Turner, Lucieer, and Watson 2012). To register the produced point clouds, 
Google Earth is used to geo-reference the visible point cloud by the extracted control 
points. Three control points are needed to estimate Helmert’s transformation, and more 
control points are required to evaluate the transformation accuracy. The selected 
control points are well dispersed and distributed throughout the model (James and 
Robson 2012). The control points are marked manually in the images, and their 3D 
locations in the generated models are determined through the intersection. By con-
sidering these control points’ locations, the bundle adjustment can be re-calculated to 
optimize the images’ orientation by minimizing the amount of re-projection error and 
geo-referencing error. The spatial distribution of control points throughout the region is 
crucial to the effectiveness of this process (James and Robson 2012). The accuracy of 
geo-referencing is evaluated through the checkpoints. For each point, the computed 
residuals are differences of coordinates that are measured and estimated (Equations (4)- 
(6), Altuntas 2019). 
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dx ¼ Xm � Xe (4) 

dy ¼ Ym � Ye (5) 

dz ¼ Zm � Ze (6) 

where the subscripts m and e indicate the measured and estimated coordinates, in 
respective order. The root mean square error (RMSE) represents the overall accuracy of 
the geo-referencing, defined by Equations (7)-(9). 

RMSEð Þdx
¼

ffiffiffiffiffiffiffiffiffi
Pdx

q

2

n
; RMSEð Þdy

¼

ffiffiffiffiffiffiffiffiffi
Pdy

q

2

n
; RMSEð Þdz

¼

ffiffiffiffiffiffiffiffiffi
Pdz

q

2

n
(7) 

RMSEð Þdxy
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PðdxÞ

2

þ
PðdyÞ

2

n

s

(8) 

RMSEð Þdxyz
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PðdxÞ

2

þ
PðdyÞ

2

þ
PðdzÞ

2

n

s

(9) 

A dense point cloud is created after adding the control points and optimizing camera 
positions. Then, point clouds are registered using control points taken from the visible 
orthophoto to the thermal point cloud.

3.4. Extraction of the building roofs

Extracting the building roofs from the visible point cloud includes four stages of ground 
filtering, vegetation removal, walls’ removal based on geometric properties, and finally, 
segmentation of remaining points.

3.4.1. Ground filtering
The cloth simulation filtering (CSF) algorithm is applied to filter ground points and 
separate them from non-ground points (Zhang et al. 2016). This method defines the 
digital surface model (DSM) by considering that a hypothetical cloth drops on top of 
the terrain because of gravity and adheres to it. If the cloth is specified with rigidness 
and falls on the upside-down ground, the cloth’s shape represents the digital terrain 
model (DTM). The CSF technique is adopted to simulate this physical process. The 
outline of the concept of this algorithm is shown in (Figure 3). The CSF algorithm 
applies four user-defined parameters to separate non-ground points from ground 
points: grid resolution, time step, rigidness, and steep slope fit factor. Also, the distance 
between the original point cloud and the simulated ground is regarded as a threshold 
parameter.

3.4.2. Vegetation removal
After separating ground points from non-ground points, vegetation indices are applied to 
separate trees and vegetation from non-ground areas. Due to the unavailability of infrared 
bands, vegetation indices defined based on visible bands are considered. For this 
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purpose, the red-green-blue vegetation index (RGBVI) is used, as shown in Equation (10) 
(Bendig et al. 2015). 

RG � RGð Þ � RR � RBð Þ

RG � RGð Þ þ RR � RBð Þ
(10) 

In Equation (10): RR = reflectance value of the red band, RG= reflectance value of the green 
band, and RB= reflectance value of the blue band. After calculating the vegetation index, 
a numerical value is computed for each point; then, a threshold is applied experimentally 
that eliminates vegetation as far as possible without effecting other areas. Because of the 
colour difference in vegetation, the use of visible vegetation indices may not be sufficient. 
Based on a study by Lee, Lee, and Lee (2008), entropy is used to detect and isolate 
vegetation from buildings. In a building area, the second-order gradient directions’ 
distribution is more uniform and less complex than that of the vegetation area. The 
concept of entropy can be adopted as a property of complexity as in Equation (11): 

entropy xð Þ ¼ �
Xi¼36

i¼1

p xið Þ ln xið Þ (11) 

The value and direction of the second-order gradient of the pixels are cumulatively 
displayed in a histogram in thirty-six 10° columns. In Equation (11), x is the value of 
each column, and p xið Þ is its probability. The orientation distribution in vegetation is 
irregular and complex. Therefore, high entropy is estimated, allowing the vegetation areas 
to be distinguished from the building sites.

3.4.3. Wall removal
In this step, the roofs must be separated from walls and other parts. The geometrical 
features (Table 2) are used for the segmentation and separation of buildings (Hackel, 
Wegner, and Schindler 2016). An elevation threshold is applied based on the average 
height of buildings, and points below the threshold height are removed. By considering 
the geometrical features of (Table 2), as well as the calculation of the normal vector in the 
z-direction, it is possible to separate the roof from other parts.

Figure 3. The primary idea of the CSF algorithm.
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An accumulator in the Hough space is used to learn a neural network (CNN) to 
compute the normal vector as its input (Boulch and Marlet 2016). This accumulator is 
like an image where each pixel corresponds to the direction of the normal vector in the 
Hough space in the neighbourhood of a 3D point, and its brightness indicates the number 
of votes associated with that direction from the normal vector. (Figure 4) displays the 
general scheme of the normal vector estimation based on CNN, and the outputs are the 
two coordinates representing the direction of the vector.

After estimating the normal for all the points, given the difference of the normal in 
z-direction for the points on the roofs and the points on the wall, it is possible to specify 
the roof points by defining a threshold. This method has good stability against noise and 
changes.

3.4.4. Segmentation
After Steps 1–3, the remaining points include the roof points and some excess points. One 
way to remove excess points is to apply a Gaussian filter, but it will soften the edges. For 
this purpose, the connected component labelling algorithm proposed by LumiaIn, 
Shapiro, and Zuniga (1983) is modified for implementation on a point cloud. This algo-
rithm divides the selected point cloud into smaller parts separated by the minimum 

Table 2. Geometric features (Hackel et al. 2016).
Geometric features based 

on covariance
Sum λ1 þ λ2 þ λ3
Omni-variance ðλ1λ2λ3Þ

1
3

Eigen entropy
�
P3

i¼1
λi ln λið Þ

Anisotropy ðλ1 � λ3Þ=λ1
Planarity ðλ2 � λ3Þ=λ1
Linearity ðλ1 � λ2Þ=λ1
Surface variation λ3=ðλ1 þ λ2 þ λ3)
Sphericity λ3=λ1
Verticality 1 � 001½ �; e3j j

Geometric features based 
on moment

Given a point p and its neighbourhood P:
1st Order, 1st axis

P

ieP
pi � p; e1

1st Order, 2nd axis
P

ieP
pi � p; e2

2nd Order, 1st axis
P

ieP
pi � p; e2

1

2nd Order, 2nd axis
P

ieP
pi � p; e2

2

Geometric features based 
on height

Vertical range zmax � zmin
Height below z � zmax
Height above zmax � z

Figure 4. Overview of normal estimation in the Hough space (Hackel, Wegner, and Schindler 2016).

INTERNATIONAL JOURNAL OF REMOTE SENSING 7011



distance condition, and each part forms a connected component. Another parameter that 
can be defined in this segment is the minimum number of points to form a connected 
component. This will allow removal of excess points from the building roof points.

3.5. Thermal and visible point clouds’ combination

After extraction of the roof points, for the integration of the thermal and visible point 
cloud as stated in Equations (12)-(13), one should assign the radiometric data of each 
point in the thermal point cloud to the corresponding point in the visible point cloud by 
the nearest neighbour algorithm. 

X; Y; Zð ÞT ¼ Find � Nearest � NeighbourðX 0; Y 0; Z0ÞV (12) 

F X 0; Y 0; Z0ð Þfusion ¼ G X; Y; Zð ÞThermal (13) 

where X; Y; Zð Þ represents the coordinate in the thermal point cloud, X 0; Y 0; Z0ð Þ represents 
the coordinate in the visible point cloud, GThermalis the radiometric data of the thermal 
point cloud, and Ffusion is the radiometric data of the newly produced point cloud. Thus, 
the nearest neighbour interpolation is used to perform the re-sampling procedure. 
Eventually, a fused point cloud is obtained with the thermal point cloud’s radiometric 
information, along with the spatial resolution of the visible point cloud, which represents 
the thermal map of the roofs.

4. Results

4.1. Thermal camera calibration

A rectangular calibration board with a 24 mm diameter and 12 ×17 hollow circles is 
designed for the calibration of the thermal camera. Six coded targets are assumed to 
indicate the targets’ position in different images on the calibration board (Figure 5(a)). The 
calibration board is heated to create better contrast and make the target more distinctive, 
and is then captured by the thermal camera considering imaging constraints such as 
taking images under different orientations and a 90° camera rotation in each imaging 
station (Figure 5(b)).

An adaptive threshold is used to have binary images due to the uneven heat on the 
calibration board’s surface. (Figure 6) illustrates the difference between using a normal 
threshold and using an adaptive threshold. The adaptive threshold has managed to 
extract more targets with higher accuracy, especially in the lower calibration board 
areas which have less intensity difference. However, the last line of targets has not been 
extracted.

The circles’ centres are identified, and then the extracted targets that are common 
between all images are numbered such that they have the same number in different 
images (Figure 7).

Circle centres are considered as image coordinates, and camera calibration is per-
formed by forming object coordinates. The mean re-projection error in the set of images 
captured from the calibration board is calculated to evaluate the thermal camera calibra-
tion accuracy (Figure 8).
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(Figure 8) depicts the 0.31 pixels mean re-projection error with consideration of 221 
target points and 13 images.

4.2. Point clouds’ generation

In the Filestan region, 696 visible images with a ground sampling distance (GSD) of 2.22 
cm=pixel and 712 frames of thermal images with a GSD of 4.45 cm=pixel are obtained by 
the UAV. By extracting common features in the visible images and performing self- 
calibration, the images’ orientations are solved, and the visible point cloud is generated 
(Figure 9(a)). Calibration parameters obtained from the previous step are used to generate 
the thermal point cloud (Figure 9(b)). The visible point cloud of the Filestan region is 
produced at a density of 227 points=m2, and the thermal point cloud of this region is 
produced at a density of 106 points=m2.

In the Charmeshahr region, 2205 frames of thermal images with a GSD of 10.8 
cm=pixel, and 422 visible images with a GSD of 2.3 cm=pixelare obtained via the UAV. 
The visible point cloud of the Charmshahr region is produced at a density of 473 

Figure 5. Thermal camera calibration: (a) thermal image captured from the circular calibration target, 
(b) thermal camera imaging positions.

Figure 6. Binary image of the calibration board: (a) using the normal threshold, (b) using the adaptive 
threshold.
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points=m2, and the thermal point cloud of this region is produced at a density of 86.3 
points=m2(Figure 10(a) and Figure 10(b)).

(Table 3) presents the root mean square (RMS) of reprojection error in the image space 
and the processing time of each generated point cloud on a PC with an Intel Core i7- 
7700HQ CPU @ 2.8 GHz and 16GB RAM. RGB images require more time to process than 
thermal images because of their higher spatial resolution, and the point clouds produced 
by them have a lower reprojection error, which results in more accurate and higher- 
density point clouds.

Figure 7. Detection of the centres of circles.

Figure 8. Mean re-projection error per image in pixels.

Figure 9. Point cloud generation in the Filestan region: (a) visible point cloud, (b) thermal point cloud.
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4.3. Point clouds’ registration

After producing visible and thermal point clouds, these point clouds are registered 
through control points with appropriate scattering at the desired surface area (Figure 11).

Fourteen check points and 21 control points are intended to co-register the visible 
point cloud with the thermal point cloud in the Filestan region. The total error is 32.7 cm 
for check points and 5.03 cm for control points. (Table. 4) presents these errors in detail.

The error of the control and check points in x- and y-directions in the thermal point 
cloud is minimal, and the increase in the error in the z-direction for the checkpoints is due 
to the high distortions of the thermal point cloud in the z-direction. The absolute distance 
between the thermal point cloud and the visible point cloud is used to evaluate the 
registration accuracy. In Figure 12, the greatest distance is indicated with red, and the 
shortest distance is indicated with blue.

The red areas belong to the trees with maximum differences. The buildings are mostly 
presented in blue with the slightest difference, indicating that registration has been 
performed well. The mean absolute distance between the two thermal and visible point 
clouds is 0.2 m in Filestan.

Figure 10. Point cloud generation in the Charmshahr region: (a) visible point cloud, (b) thermal point 
cloud.

Table 3. RMS of reprojection error and the processing time of the generated point 
cloud.

Point clouds RMS (pix) Processing time (hours:minutes)

Visible point cloud (Filestan) 0.62 13:14
Thermal point cloud (Filestan) 1.68 1:55
Visible point cloud (Charmshahr) 0.60 23:50
Thermal point cloud (Charmshahr) 1.31 9:30

Figure 11. Distribution of control points in the orthophoto of the Filestan region.

INTERNATIONAL JOURNAL OF REMOTE SENSING 7015



Twelve check points and 29 control points are intended to co-register the visible point 
cloud with the thermal point cloud in the Charmshahr region as depicted in (Figure 13). 
The total error is 61.53 cm for the check points, and 21.03 cm for the control points. (Table 
5) demonstrates these errors in detail.

The mean absolute distance between the two thermal and visible point clouds in 
Charmshahr is 0.3 m (Figure 14). There is a greater co-registration error in Charmshahr 
than in Filestan.

Table 4. Errors of check points and control points of the thermal 
point cloud in Filestan.

RMSE (cm) x y z xy

Control point 1.96 3.43 3.10 3.95
Check point 3.97 3.21 32.30 5.11

Figure 12. The distance of the thermal point cloud from the visible point cloud in the Filestan region: 
(a) the colours reveal distances, (b) chart of absolute distances (m).

Figure 13. Distribution of control points in the orthophoto of the Charmshahr.

Table 5. Errors of check points and control points of the thermal point 
cloud in Filestan.

RMSE (cm) x y z xy

Control point 12.11 10.64 13.50 16.12
Check point 32.93 20.97 47.56 39.06
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4.4. Extraction of the roofs

The steps of roof extraction is illustrated in (Figures 11 to 15). Filtering ground points from 
non-ground points after the CSF algorithm is applied to the visible point cloud with 
a classification threshold of 0.5 and a cloth resolution of 2 (units similar to the point cloud 
unit) (Figure 15).

The average of the considered indices in the regions intended to be deleted has been 
used to set the initial threshold in each step. Thus, in order to find a suitable threshold for 
removing vegetation, the average RGBVI and entropy indices are calculated from some 
different parts of the vegetation area. Also, to find a suitable threshold for removing walls, 
the average normal vector in several walls is calculated, and with a few trials and errors 
around the average number, the best thresholds are obtained.

The RGBVI index and entropy are calculated for all points, and then an appropriate 
threshold is set that preserves building-related points while removing vegetation 
(Figure 16).

For the points on wall facets, normal vectors are close to zero in the z-direction, and for 
the roof facets, they are close to 1 or −1; therefore, points on the wall facet can be 
removed (Figure 17).

The connected component labelling algorithm is used to separate the extra points 
from the roof points. Finally, all the roofs are fully extracted (Figure 18).

For evaluation, the edges of the roofs in the initial point cloud are manually plotted and 
compared with the edges of roofs extracted by the proposed method in (Figures 19 
and 21).

Based on (Figure 19), the extracted building area corresponds to the reference area and 
performs well on the edges of the buildings. The chart in (Figure 20) demonstrates the 
average distance for each building, with a minimum value of < 1 cm and a maximum 
value of < 18 cm.

Figure 14. The distance of thermal point cloud from the visible point cloud in the Charmshahr region: 
(a) the colours reveal distances, (b) chart of absolute distances (m).

Figure 15. Applying the CSF algorithm: (a) Filestan (b) Charmshahr.
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(Figure 21) compares the edges of roofs in Charmshahr and shows that the proposed 
method is well-fitted to the reference data.

(Figure 22) displays the average distance of roofs between the proposed method and 
reference data in the Charmshahr region; the minimum value is close to zero and the 
maximum value is < 18 cm.

Figure 16. Applying RGBVI index: (a) Filestan (b) Charmshahr.

Figure 17. Filtering points based on normal vectors in the z-direction: (a) Filestan (b) Charmshahr.

Figure 18. Utilize the connected component labelling algorithm: (a) Filestan (b) Charmshahr.

Figure 19. Comparison of the extracted roof areas with reference data in Filestan region.
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Figure 20. The average distance of the extracted roofs with reference data in Filestan region.

Figure 21. Comparison of the extracted roof areas with reference data in Charmshahr.
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4.5. Thermal and visible point clouds’ combination

At this stage, nearest-neighbour re-sampling is performed to combine the thermal and 
visible point clouds. Thus, a thermal point cloud with a high spatial resolution is produced, 
which has the density of the visible point cloud along with the thermal data (Figure 23).

The fused point cloud for the Filestan region has a density of 227 points=m2, which is 
more than twice the initial thermal point cloud density, and the fused point cloud of 
Charmshahr has a density of 473 points=m2, which is five times denser than the 
Charmshahr initial thermal point cloud.

Figure 24 compares the roofs in the fused point cloud, thermal point cloud, and the 
visible point cloud in Filestan and Charmshahr. The distortions and fractures existing on 
the roof facets of the buildings in the thermal point cloud have disappeared in the fused 

Figure 22. The average distance of extracted roofs with reference data in the Charmshahr region.

Figure 23. Fused point cloud of the roofs: (a) Filestan (b) Charmshahr.
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point cloud, and a dense point cloud with sharp edges is produced. (Figure 25) illustrates 
the thermal anomalies on the roofs. Darker radiometric information infers less heat in the 
area than in areas with lighter radiometric information.

Figure 24. Illustration of extracted roofs from the fused point cloud compared with the thermal and 
visible point clouds: (a) Filestan (b) Charmshahr.

INTERNATIONAL JOURNAL OF REMOTE SENSING 7021



5. Discussion

The results demonstrated that the initial thermal point cloud is improved by fusing with 
the visible point cloud and making it possible to display thermal anomalies. This 
research implemented the proposed method in two areas, focusing on the roofs of 
buildings. In thermal camera calibration, the use of circular targets and the method of 
lines perpendicular to the gradient achieved an error of reprojection less than half 
a pixel in determining the thermal camera’s internal orientation parameters. In the 
images taken from the calibration board by the thermal camera, the last-row targets 
had less radiometric differentiation with the background because of their proximity to 
the heat source and were not recognizable; thus, providing a method that detects all 
targets in poor lighting conditions can enhance camera calibration accuracy. However, 
the use of adaptive thresholds in thermal imaging was effective in better identifying the 
targets in areas with low-intensity differences. The co-registration of point clouds was 
accomplished by control points obtained from the visible point cloud with mean 
distances of < 0.3 m. In order to eliminate vegetation in the absence of infrared data, 
the use of the RGBVI index and entropy was suggested. The normal vector in z-direction 
worked well to remove the walls, although the upper part of the walls, which were the 
same colour as the ceiling areas, still remained, and can be removed during the 
connected component labelling stage. The steps taken to extract the roofs allowed 
a maximum distance error of 18 cm from the reference data. Because of the proper 
density of the point clouds, the use of the nearest neighbour algorithm to map thermal 
information performed well. Finally, the thermal point cloud’s initial density improved 
twice from 106 points=m2 to 227 points=m2 in Filestan and improved more than five 

Figure 25. Thermal anomalies of roofs: (a) Filestan (b) Charmshahr.
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times from 86 points=m2 to 473 points=m2 in Charmshahr. To highlight the differences 
with previous methods presented in the state-of-art section, the output of recent 
articles is shown in Table 6.

In this study, a visible camera and a thermal camera are used in two separate flights, 
which are more cost-effective tools than research using laser scanners or multi-camera 
systems such as Lin et al. (2020) research, which used four thermal and four visible 
cameras. López-Fernández et al. (2015) and Javadnejad et al. (2020) used the dual- 
camera system, which cannot have separate flights from the area with a thermal and 
visual camera, as the best shooting time for a thermal camera may be different from the 
visible one. Also, accurate calibration between two cameras to determine the internal 
orientation parameters of the thermal camera is challenging; as Javadnejad et al. (2020) 
have pointed out, considering a 3D relative difference between the cameras has more 
error than considering a 2D one.

In studies that use cameras with the ability to simultaneously acquire a visible-thermal 
image dataset, such as Daffara et al. (2020) research, the quality of visible images is low, 
and the geometric structure of the 3D model produced will not have high spatial 
accuracy. In some studies, such as Maset et al. (2017) and Lin et al. (2020), geometric 
calibration of a thermal camera is not performed in a separate step. Performing this step 
can produce a higher quality thermal point cloud and thus a better thermal texture. In 
methods such as Iwaszczuk and Stilla (2017), which use a polyhedral model, it is not the 
real 3D model provided by the point clouds, and it may require GNSS and inertial 
navigation system (INS) data to map thermal images.

As the spatial resolution of available thermal sensors is so low, the generated 3D point 
cloud from these imagery has also a very limited resolution. This study attempts to densify 
the thermal 3D point clouds based on conjugate dense 3D Point clouds extracted from 
corresponding high-resolution visible imagery. Moreover, regarding the narrow spectral 
band of thermal sensors, most object extraction techniques from thermal imagery, 
specifically building extraction, encountered several limitations. This study uses the 
high potential of visible imagery for extraction of the buildings and integrate the output 
result to extract the object from thermal point clouds.

On the other hand, most studies have not been carried out on large-scale areas and are 
limited to single building analysis or, as in the Lin et al. (2019) method, only facades of the 
building have been considered, and the roof has not been covered. Lin et al. (2020) 
research has been conducted in a large area. However, buildings are not separated from 
other features. Separating buildings points accelerates the integration phase with thermal 
data; also, in the further process stage, large anomalies can be detected automatically by 
considering an algorithm. In López-Fernández et al. (2015) study, after fusion of the 
thermal and visible point clouds, the buildings’ roofs were extracted. Height and normal 
vector pass-through filters were used to identify suitable locations for installing solar 
panels, which in the more complex areas, removing vegetation regions, walls, and other 
parts will be more challenging and require more geometric features to extract the roofs of 
the buildings.

In comparison with other studies, we can point out that the proposed method does not 
use expensive equipment, and by performing in two different areas and separating the 
buildings, and extracting their roofs while the two visible and thermal data are combined, 
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an accurate thermal inspection of the buildings’ roof in a large area is possible. The 
challenge was that the low spatial resolution of thermal images resulted in a low-density 
thermal point cloud with distortions that made it impossible to spot the exact location of 
the thermal problems. Besides, the buildings are surrounded by other features that make 
it difficult to survey the roof of the buildings accurately. In the end, the final combined 
product was able to overcome the mentioned challenge. However, in this research, other 
parts of the building have not been addressed, and in future works, the extraction of 
buildings can have more automation in the threshold determination part.

6. Conclusion

A method was introduced for generating 3D thermal maps of building roofs, and the 
fusion of visible and thermal point clouds was proposed as a solution to solve the problem 
of low-resolution thermal images. By improving the thermal point cloud’s accuracy and 
density, it was possible to visualize the thermal anomalies of the roofs with high precision.

The application of this technique resulted in an almost fully automated processing for 
buildings’ roof extraction, which is a labour-saving way to prevent the time-consuming 
manual task of separating buildings’ roof regions from other parts of the point cloud. 
Although some thresholds require manual definition by the author, efforts to obtain 
a fully complete automatic pipeline could be considered in future works along with the 
analysis of thermal anomalies. Efforts to obtain a fully complete automatic pipeline could 
be considered in future works along with the analysis of thermal anomalies.
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