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CHAPTER 1: INTRODUCTION 

1. Background 

Due to the increase of population and people’s needs for a comfortable and convenient life, urban 

development leads to the replacement of natural surfaces by buildings and paved roads. It essentially alters the 

urban surface energy balance, which results in increasing surface and air temperature (Fig.1). Compared to a rural 

area, it contributes to the overheating in urban surface and air, resulting in an increase in the surface temperature 

(Ts) and sensible heat flux (QH) in urban areas [1]. During the daytime, solar irradiance dominantly drives the 

urban surface energy balance [2]. Urban surfaces are exposed to radiance, part of which is stored in the urban 

surfaces and causes a higher Ts than that found in most rural areas in the meanwhile, part of which is conductively 

transferred into the ground and the internal surfaces of buildings, while the surplus is shed as QH into the cooler 

ambient air. The QH emitted by roofs may create micro-thermals that disturb the stability of the lowest overlying 

atmosphere. The QH emitted from wall external surfaces is not usually as large as that from the roof. However, 

the QH released by a fully irradiated wall for only a few hours may influence the air flow and dispersion in the 

surrounding environment [1]. At night, the building surfaces cool fairly rapidly, expending much of the heat stored 

during the daytime. The transport of the nocturnal QH, with a much lower magnitude than that of the daytime, is 

often released into the atmosphere from many urban surfaces, which is a unique urban feature compared to rural 

surfaces. The diurnal uniqueness of the urban surface energy balance contributes to the urban heat island (UHI) 

in both the surfaces and the air, influencing the habitats’ comfort, raising the mortality rate owing to intense 

pollution and heat, and increasing building energy demand [3]. Consequently, lowering the surface temperature 

and the sensible heat flux released can effectively mitigate the UHI effects and reduce such problems [4]. 

 

Figure 1. Overheating in urban area caused by the altered surface materials. 
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Therefore, for the sustainable urban developments, it is important for urban area to gain knowledge on the 

interaction of the urban surfaces and the atmosphere, in order to identify areas with severe outdoor thermal 

conditions and to examine the potential technologies and scenarios to mitigate UHI. The surface energy balance 

(SEB) model, such as ENVI-met [5], SOLENE [6–8] and THERMORender [9–11] (Fig.2), is able to handle the 

complexity of simulating the heat exchanges between buildings and the atmosphere in the surface layer[3]. These 

models can identify areas with severe outdoor thermal conditions [12,13], examine potential scenarios and 

technologies for the UHI mitigation [14–16], and can be coupled with building energy models for a more accurate 

prediction of energy demands [17–19]. The selection of urban thermophysical properties, including both optical 

and thermal properties, is important to the simulation quality [20]. They are often used to simulate synthetic 

landscapes assuming standardized building forms, construction materials, and vegetation types[21,22]. Although 

studying the effect of certain characteristics on the microclimate using assumed world urban landscape and surface 

information can be useful, the simulation of real world urban landscapes with actual surface information is very 

desirable for urban planning purposes in practice[23]. Hence, to collect the input building surface data in the real 

world is thus important for a practical project.  

 

Figure 2. Surface heat balances in the THERMORender model 

The easier way is to collect the documented information of building surface from the government or the 

developers. However, there exists a problem with the data quality and availability of urban surfaces, especially in 

developing countries [24]. The urban surface-atmosphere heat and radiative exchanges can be studied at various 

climate scales corresponded to urban morphological units, including meso-, local and micro scales[1]. Obtaining 
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the urban surface data should be corresponded to the study scale. Satellite/airborne remote sensing (RS) and in-

situ measurements are widely applied to derive or estimate the urban/ building surface information for the meso- 

and micro scales, respectively. However, regarding the local scale such as the block or neighborhood scales, there 

exists the gap to obtain the urban surface data between in-situ and spaceborne/airborne observations. Because the 

former is generally time-consuming, labor-intensive, provides limited points of each surface, and cannot easily 

access certain surfaces (e.g., roofs), whereas regarding the latter: spatial resolution of the satellite RS is not 

sufficient (e.g. even with Sentinel 2, which has a 10 m spatial resolution[25,26], small structures show mixed 

pixels[27]); and airborne RS requires high labor and financial cost[28], and there is a lack of vertical surface 

data[29]. 

 

 

2. State-of-the-art 

2.1 Thermophysical properties 

Albedo quantifies the capacity of an urban surface to reflect solar radiation, which is a driving factor of the 

surface energy balance (SEB) [1,30]. Large natural surfaces in urban areas have been replaced by construction 

materials, such as asphalt for roads and concrete for buildings, increasing air and surface temperatures and 

resulting in the urban heat island (UHI) phenomenon[31]. Albedos are involved in radiative heat exchanges and 

tie the urban climate to the surface cover[32,33]. Thus, modifying urban surfaces with high-albedo materials or 

coatings and their effects on surface cooling, UHI mitigation, and in-/outdoor thermal comfort has been widely 

studied in recent years, revealing their benefits [5,6].  

The thermal behavior of urban surfaces results from not only the radiation budget on the exterior surfaces 

but also heat conduction through the surfaces and convective heat transfers at both the exterior and interior 

surfaces of buildings. The thermal properties of the urban surface (e.g., heat capacity and thermal conductivity), 

influencing all the above-mentioned heat transfers, contribute to its heat exchanged with the inside of a building 

affecting the energy demand, and with the atmosphere forming the urban climate. The effects of modifying the 

other thermophysical properties of building surfaces (e.g., roofs and walls) were investigated primarily by 

focusing on indoor thermal comfort and energy consumption [35–38], whereas the effects with the regard to the 

atmosphere were investigated less, which study target focused on solely the ground pavement [39]. 

2.2 Existing satellite/airborne RS methods on estimating thermophysical properties 
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At a mesoscale (i.e., city and region), the satellite remote sensing (RS) provides a common source of surface 

data, especially the surface albedo which quantifies the capacity of an urban surface to reflect solar radiation as a 

driving factor of the surface energy balance (SEB) [1,30]. Satellite RS techniques have been widely applied for 

estimating land surface albedo at a mesoscale[40–42]. Among these studies, some have integrated them with SEB 

modelling. For example, a regional-scale SEB model, COSMO-CLM, uses several satellite RS-based data sets 

such as land cover (e.g. by GlobalLand2000) and leave area index (LAI) (e.g. by MODIS) [43]. However, at a 

local scale (e.g. block and neighborhood), few studies have derived the urban surface parameters by airborne (e.g., 

aircraft and airships) RS. For example, Liu et al. use hyperspectral airborne data in the reflective and thermal 

wavelengths to estimate high-resolution land surface temperature [44]. Moreover, some among these studies have 

derived the airborne RS-based land cover information and surface parameters and used them for SEB modelling. 

For instance, Xu et al.[45] used airborne hyperspectral imagery from the operative modular imagine spectrometer 

(OMIS), along with a survey map and meteorological data, to derive the land cover, surface temperature, albedo, 

vegetation fraction and emissivity to map spatial variations in turbulent sensible heat flux based on the simple 

SEB model with single facet as local-scale Urban Meteorological parameterization scheme (LUMPS) and 

atmospheric radiation measurement (ARM) program. Similarly, Heldens et al.  [29] have derived the land cover, 

albedo, LAI/LAD and high quality object height data and integrated them into the ENVI-met model, revealing 

that three-dimensional SEB simulation with multi facet for local scale can be supported by remote sensing 

products, but with an assumption of the thermophysical properties of the urban vertical surfaces which 

differentiations were ignored. 

2.3 Existing in-situ measurement-based methods 

It is common to collect the thermophysical properties of the urban surface by in situ measurement at the 

microscale, since its maximum typical urban unit is a canyon (typical horizontal length scale is 30m*200m [1]). 

One of the important thermophysical property, albedo/reflectance, can be directly observed in situ by using 

pyranometers/ spectroradiometers[46–48] (Fig.3). In addition, the thermal characteristics of the building 

envelopes, such as thermal transmittance and resistance (R-value), can be accessed by in-situ methods. The 

thermal transmittance/resistance have shown to be the most critical parameter affecting the building heat loss and 

thus its energy performance[49–51]; hence it is necessary to assess it carefully for the purpose of effective energy 

saving[52]. Heat flow meter method (HFM)[53–55], simple hot box-heat flow meter method (SHB-HFM)[52,56], 

quantitative infrared thermography method (QIRT)[57–59] as the main in-situ methods to access the heat 
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transmittance of the building wall surface have been widely studied for years. The rationale schematic and required 

equipment are shown in Table.1.  

 

Figure 3 Albedo and reflectance observed directly in situ using pyranometers (left) and 

spectroradiometers (right), respectively. 

 

Table 1 In-situ methods widely used to determine thermal transmittance (refers to [52,56]) 

 Rationale 

schematic 

Equipment 

required 

Limitations for larger-scale adoption 

Heat flow 

meter method 

(HFM) 

 
ISO 9869 

 

Thermometers 

Heat flux plates 

A data logger 

 

A weather 

station*(ASTM 

C1060) 

Infrared 

camera*(ISO 

6781) 

Need access to the building interior and 

indoor furniture limits probe locations; 

Building occupier behavior affects 

measurements; 

Metrological errors related to the heat flux 

plate; 

Limited use in warm areas or summer; 

Long test duration, more than 2 weeks in 

some cases. 

Simple hot 

box-heat flow 

meter method 

(SHB-HFM) 

 

A simple hot box 

Heat flux plates 

Thermometers 

A data logger 

 

Infrared camera* 

Need access to the building interior; 

Devices can only be used on the ground 

floor (auxiliary structure required for 

higher floors, increasing the cost); 

Use in winter has not been studied. 

Metrological errors related to the heat flux 

plate and surface thermometers; 

Quantitative 

infrared 

thermography 

method  

(QIRT) 

 

An infrared 

camera 

A hot-wire 

anemometer 

An infrared 

reflector 

A tape with 

known emissivity  

Need access to the building interior; 

Metrological errors related to the infrared 

camera and the anemometer; 

Limited use in warm areas or summer. 

*Optional 

The standard heat flow method (HFM), a direct contact measurement method being commonly applied, has 

been standardized as described in international standard ISO 9869[54] and ASTM[60,61]. Average (steady-state) 
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method and dynamic methods are applied for data analysis procedures in ISO 9869[54]. To carry out the 

measurements for a single homogeneous building envelope requires several equipment mainly including (a) 

one heat flux sensor (two are needed for both internal and external surface when applying some dynamic analysis 

methods) to detective the conductive heat flux through the building envelope; (b) two high-precision 

thermocouples or thermistors with a maximum error of 0.2 degrees; (c) a data logger to store the measured data. 

Other equipment (e.g., a weather station[62] or an infrared camera[63]) can be used during the test to ensure that 

the environmental condition is appropriate and the building envelope is in an appropriate state of repair.  Following 

the ISO 9869, the standard HFM has often shown to rely on long measurement periods[53,64,65] of up to 

more than a month[66]. Regarding the light walls, after at least 72 hours of monitoring, the measurement may 

stop if the termination criteria have been met[54,67] but should be performed at night and before the sunset to 

avoid the influence of direct solar radiation[54]. Whereas regarding the heavy walls, the minimum measurement 

periods should be extended as not less than 96 hours[54]. 6 days was found to be enough for satisfying the 

convergence criteria based on ISO 9869[54] for the hollow reinforced precast concrete walls[68]. In some cases, 

even 36 days of monitoring had not been sufficient to measure the U-value of the walls[66], especially the walls 

with heavy thermal mass demanding more time to stabilize the average heat flux and temperature gradient. It may 

cause more climatic fluctuations included in the results increasing the error probability[56]. In addition, the 

measurement period varies in terms of the consistency of the conditions during the measurement and temperature 

gradients along two sides of the walls. The performance of HFM mainly depends on operation and 

meteorology[52]. Many criteria for siting the equipment should be followed to avoid incorrect measurement, such 

as the placement of heat flux sensor should be at 1.5m height above the floor, more than 1.3m from the heating 

equipment like fan coils or radiators, and generally between windows and corners to get rid of the thermal bridge 

effects. It has been found that the heat flux sensor could change the thermal flux by up to 30%, which is the main 

contributor to cause errors in the thermal behavior of building envelope and thus the estimation of thermal 

transmittance and resistance. Strong and stable temperature gradients along two sides are required to give reliable 

results. The test conduction or the data selection was thus recommended to be when (a) the temperature difference 

between interior and exterior was more than 10 degrees; (b) not rain fell; (c) the wind speed was 0-1m/s; and (4) 

controlled use of the heating system. However, regarding the walls with low U-values, a temperature difference 

of more than 19 degrees was found to be required, which is difficult to be achieved in a warm climate. Moreover, 

as prescribed in ISO 9869, considering the dynamic effect of thermal mass of unknown building components 
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requires sampling and endoscopic inspection by drilling, which is commonly not allowed by the occupants of 

the buildings. In addition to be reliable, a desirable in-situ method should be non-destructive to be applied during 

the building inspections as well.  

The non-contact in-situ measurement method mainly relates to the infrared thermography method (IRT). 

Fokaides et al.[69] applied infrared thermography to determine U-value in building envelopes in Cyprus based on 

steady-state models, which requires steady climate conditions such as indirect solar radiation, low wind speed, 

and complete evacuation of the building. Later, this method was studied by Aversa et al. to assess actual dynamic 

thermal behavior of building components. Considering the assumptions which may be far from actual 

circumstances, such as the emissivity of the surface, Albatici et al.[59] improved this method by measuring the 

wind velocity and surface emissivity, demonstrating this method can be reliable to determine thermal 

transmittance of normal heavy walls. Performing a QIRT usually requires the following equipment and 

material including (a) an infrared camera; (b) a hot-wire anemometer to measure the wind speed near the wall; 

(c) two temperature probes to measure the internal and external air temperature; (d) a tape with known emissivity 

provided by the manufacturer and (e) a contact thermometer used to determine the emissivity[52]. This method 

requires very specific environmental condition, which should be similar to steady state[57,59,69]. A stable 

heat transfer state is required to be achieved for 3-4 hours prior to the monitoring with a minimum temperature 

gradient along two sides of 10 degrees[57,59,69,70], while it is well known that for the heavy constructions with 

a high thermal mass, such short period is not sufficient[56]. The tests should ideally be carried out in winter since 

it is difficult to achieve a strong thermal gradient in summer[69]. Other climatological parameters, such as wind 

speed and wind combined with a clear sky and solar irradiance, also strongly affect the QIRT performance[71,72]. 

Hence, the tests are recommended to be performed 2 hours before sunrise and when (a) the temperature gradient 

along two sides is 7-16 degrees (or more than 10 degrees[57,59,69,70]); (b) the wind speed is less than 1m/s; (c) 

no rain falling; (d) it is cloudy or no exposure to direct radiation (to avoid thermal inertia effects).  

3. Existing gap  

The thermal behavior of urban surfaces results from not only the radiation budget on the exterior surfaces 

but also heat conduction through the surfaces and convective heat transfers at both the exterior and interior 

surfaces of buildings. Although albedo is a driving factor of the thermal behavior of the urban surface, the thermal 

properties of the urban surface (e.g., heat capacity and thermal conductivity), influencing all the above-mentioned 

heat transfers, contribute to its heat exchanged with the inside of a building affecting the energy demand, and with 
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the atmosphere forming the urban climate. However, unlike the wide investigations about modifying urban 

surfaces with high-albedo materials or coatings and their effects on surface cooling, UHI mitigation, and in-

/outdoor thermal comfort[5,6], thermal properties (e.g., thermal conductivity and heat capacity)’ effects on the 

heat exchanged between the building surface and the atmosphere has not yet been studied enough and 

systematically. Moreover, in addition to modifying the albedo, the effects of modifying the other thermophysical 

properties of building surfaces (e.g., roofs and walls) were investigated primarily by focusing on indoor thermal 

comfort and energy consumption [35–38], whereas the effects with the regard to the atmosphere were investigated 

rarely. Overall, as shown in Fig.4 there is a first research gap in systematically exploring the effects of 

thermophysical properties, especially the rare-investigated thermal properties, of building surfaces on the 

radiative and heat exchanges between the building surface and the atmosphere. 

 

Figure 4. The first research gap 

In addition to the albedo well-known as a driving factor on the building surface-atmosphere radiative 

exchanges, if the thermal properties are also important on surface thermal and radiative behavior, which cannot 

be ignored in SEB model-based simulations as well as albedo, a time- and labor-saving method to obtain the actual 

thermal properties of urban surfaces is necessary to guarantee the quality of SEB modeling.  

Based on the literature reviews on the existing satellite/airborne RS and in-situ measurement methods for 

estimating thermophysical properties of urban surfaces as shown in section 2.2 and 2.3, there are clear limitations 

of these methods to be applied for a block and neighborhood scale (included in local scale). Regarding the 
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satellite/airborne RS-based method, their clear limitations to be adopted for local scale are as follows: 

(1) The estimation of very high-spatial resolution surface information and parameters from satellite/airborne 

observations is challenging. Regarding satellite RS, even with Sentinel 2, which has a 10 m spatial 

resolution[25,26], small structures show mixed pixels[27]. Regarding airborne observation, taking the land 

surface temperature as an example, its estimation with very high resolution is very challenging, so the very 

fine scale of 1 or 2m level is usually not considered. Moreover, the airborne RS requires high labor and 

financial cost[28]. 

(2) There is a lack of thermal properties of urban surfaces derived by RS products. Few studies have derived the 

surface materials and albedo by RS and integrated them with SEB modeling[29,43], but the thermal properties 

(e.g., the U value and heat capacity as the input required in Envi-met [29]) of urban surfaces were usually 

assumed and generalized with the ignorance of their differentiations [7,11,25,26]. 

(3) The surface information and parameters in these studies are derived from airborne sensors, causing that they 

are limited to be used for the single-facet SEB models (upper of Fig.5) like Xu et al.’s[45]. Otherwise, the 

uniformed material should be assumed for all vertical urban surfaces for SEB modeling in terms of multiple 

facets (lower of Fig.5), like Heldens et al[29]. It causes the neglection of differentiation of material 

composition of urban vertical surfaces. The raising area of urban vertical surfaces, resulted from the increasing 

high-rise buildings, have important influence in urban surface energy as well, especially within street canyons 

that complex heating process involves multiple reflection of the solar radiation and long-wave radiation. It 

may influence more if considering the contribution of cool selective paint[34] or green infrastructure[74] as 

the UHI mitigation/indoor energy saving strategies applied on the urban vertical surface. 
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Figure 5. Airborne RS-based data limited to be used for single-facet SEB modeling or with the assumption 

of vertical surface data for multi-facet SEB modeling 

Regarding the in-situ methods as introduced in Section 2.1, their relatively long measurement period under steady 

weather condition, multi equipment, and strict operation required for in situ monitoring campaigns are the main 

obstacles for a larger-scale adoption [75–78] (Table 1): 

(1) Many pieces of equipment required in the current in-situ measurement methods for monitoring a single wall. 

For example, to carry out the HFM method for a single homogeneous building envelope requires the following 

equipment at least: (a) one or two heat flux sensor (two are needed for both internal and external surface when 

applying some dynamic analysis methods); (b) two high-precision thermocouples or thermistors; (c) a data 

logger to store the measured data. Some other equipment (e.g., a weather station[62] or an infrared 

camera[63]) were also recommended in some studies. Regarding the QIRT method, it usually requires: (a) an 

infrared camera; (b) a hot-wire anemometer to measure the wind speed near the wall; (c) two temperature 

probes to measure the internal and external air temperature; (d) a tape with known emissivity provided by the 

manufacturer and (e) a contact thermometer used to determine the emissivity. Considering the labor needed 

to take proper care of the equipment, intensive labor and cost would be needed for a scale larger than a building. 

(2) The criteria to install the probes used in the current in-situ measurement method is strict, since it may lead to 

a large measurement error. For example, up to 26% by a random location of heat flux plates in the most widely 

used heat flow method (HFM) [55].  

(3) The specific requirement of weather and environmental condition. For example, the monitoring of the QIRT 
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method requires very specific environmental condition, which should be similar to steady state. It is 

recommended to be performed 2 hours before sunrise and when (a) the temperature gradient along two sides 

is 7-16 degrees (or more than 10 degrees[57,59,69,70]); (b) the wind speed is less than 1m/s; (c) no rain 

falling; (d) it is cloudy or no exposure to direct radiation (to avoid thermal inertia effects). Such spec ific 

environmental conditions required by the current in-situ measurement methods are difficult to be satisfied. 

(4) Long period is required for the mostly common-used HFM. Following the ISO 9869, the standard HFM has 

often shown to rely on long measurement periods[53,64,65] of up to more than a month[66]. Regarding the 

light walls, after at least 72 hours of monitoring, the measurement may stop if the termination criteria have 

been met[54,67] but should be performed at night and before the sunset to avoid the influence of direct solar 

radiation[54]. Whereas regarding the heavy walls, the minimum measurement periods should be extended as 

not less than 96 hours[54].  

Overall, considering the clear limitations of these methods to be applied for a block and neighborhood scale, 

there exists the second research gap of a time- and labor-saving method to obtain the thermophysical 

properties of the building surfaces between in-situ and spaceborne/airborne observations (Fig.6). 

 

Figure 6. The second research gap 
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4. Research objective and main content 

In order to bridge the gaps as proposed above, this thesis firstly investigated the effects of thermophysical 

properties of building surfaces on the surface temperatures and sensible heat flux in order to evaluate their 

influence on urban surface-atmosphere heat exchanges. Based on the findings that assuming and generalizing the 

thermal properties cause nonnegligible errors in SEB modeling, the main objective of this thesis is to propose 

a new estimation method on thermophysical properties (i.e., albedo, thermal conductivity, and heat capacity) 

of building surfaces which can be applicable and efficient at a block or neighborhood scale (Fig.7). The flow 

chart of chapter contents in this thesis is shown in Fig.8. 

 

Figure 7. Estimation method on thermophysical properties of building surfaces proposed in this thesis 

 

Figure 8. Flow chart of chapter contents in this thesis 
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Chapter 2: Taking a block in university campus in Yokohama city, Japan as a study area, Chapter 2 estimated 

the effect of thermophysical properties of building wall and roof surface in terms of the surface temperature and 

sensible heat flux, demonstrating that a non-negligible temperature difference behaved by building surface with 

different thermophysical properties. Meanwhile, the SEB model sensitivities of the building surface temperature 

in terms of the thermophysical properties were also studied.  

Chapter 3: Based on the established datasets of various at-surface solar irradiances and spectral albedos, 

Chapter 3 developed the technique process and three narrow-to-broadband (NTB) conversion models were 

developed to estimate the total shortwave albedo of the building surface based on the multispectral RS (ground -

based in this research), and evaluated their performance as well as the camera capacity to estimate broadband 

albedo. In addition, the sensitivities of models to the solar conditions and the surface material class were analyzed. 

These models were also validated using independent sample surfaces covered by different construction materials.   

Chapter 4: Chapter 4 proposed an estimation method on the thermal properties (i.e., thermal conductivity 

and heat capacity) of the building surface based on multispectral RS and SEB model-based simulation. Taking a 

concrete building in a block in a university campus (Yokohama city, Japan) as a target building, the multispectral 

images and hourly infrared thermal images from sunrise to sunset of the target building were taken, and meanwhile 

the indoor air temperature and weather data were measured in site. Typical combinations of thermal properties of 

building surface were characterized by clustering based on a database established here. These typical cases were 

input as possible thermal properties of the target building in SEB simulation with other boundary conditions of 

the measured indoor air temperature and weather data, and the estimated albedo of the target building (Chapter 2). 

Among these them, the case which simulated radiant surface temperatures of target building revealing the most 

consistent with the measured temperatures (retrieved from hourly infrared images) was regarded as the one closest 

to actual condition, and its thermal properties were regarded as the estimated results.  
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CHAPTER 2: EFFECT ON THERMOPHYSICAL PROPERTIES OF 

BUILDING SURFACES ON TEMPERATURE AND SENSIBLE HEAT FLUX  

1. Introduction 

A comfortable climate is important for both the personal well-being and to attract citizens to urban open 

spaces [79]. Owing to urbanization, natural surfaces replaced by paved roads and buildings alter the surface energy 

balance, resulting in an increase in the surface temperature (Ts) and sensible heat flux (QH) in urban areas [1]. 

During the daytime, solar irradiance dominantly drives the urban surface energy balance [2]. Urban surfaces are 

exposed to radiance, part of which is stored in the urban surfaces and causes a higher Ts than that found in most 

rural areas in the meanwhile, part of which is conductively transferred into the ground and the internal surfaces 

of buildings, while the surplus is shed as QH into the cooler ambient air. The QH emitted by roofs may create 

micro-thermals that disturb the stability of the lowest overlying atmosphere. The QH emitted from wall external 

surfaces is not usually as large as that from the roof. However, the QH released by a fully irradiated wall for only 

a few hours may influence the air flow and dispersion in the surrounding environment [1]. At night, the building 

surfaces cool fairly rapidly, expending much of the heat stored during the daytime. The transport of the nocturnal 

QH, with a much lower magnitude than that of the daytime, is often released into the atmosphere from many urban 

surfaces, which is a unique urban feature compared to rural surfaces. The diurnal uniqueness of the urban surface 

energy balance contributes to the urban heat island (UHI) in both the surfaces and the air, influencing the habitats’ 

comfort, raising the mortality rate owing to intense pollution and heat, and increasing building energy demand [3]. 

Consequently, lowering the surface temperature and the sensible heat flux released can effectively mitigate the 

UHI effects and reduce such problems [4]. 

Modifying urban surfaces with high-albedo materials or coatings and their effects on surface cooling, UHI 

mitigation, and in-/outdoor thermal comfort has been widely studied in recent years, revealing their benefits [5,6]. 

The thermal behavior of urban surfaces results from not only the radiation budget on the exterior surfaces but also 

heat conduction through the surfaces and convective heat transfers at both the exterior and interior surfaces of 

buildings. The thermal properties of the urban surface (e.g., heat capacity and thermal conductivity), influencing 

all the above-mentioned heat transfers, contribute to its heat exchanged with the inside of a building affecting the 

energy demand, and with the atmosphere forming the urban climate. However, their effects on the heat exchanged 

between the building surface and the atmosphere has not yet been studied systematically. We therefore considered 



15 
 

three gaps in previous studies. 

First, in addition to modifying the albedo, the effects of modifying the other thermophysical properties of 

building surfaces (e.g., roofs and walls) were investigated primarily by focusing on indoor thermal comfort and 

energy consumption [35–38], whereas the effects with the regard to the atmosphere were investigated less. The 

effects from modifying heat capacity and thermal conductivity were individually investigated for ground pavement 

[39]; however, the studied thermal property values were specific and limited to guarantee the universality of the 

findings, and these results could not be applied to a building surface owing to the differences in surface heat 

transfer. Additionally, because the conduction of heat through a surface depends on both thermal conductivity and 

heat capacity, the combined effects will differ from the accumulation of their individual effects (accumulated 

effect). Overall, there is a research gap in systematically exploring the individual and combined cooling effects of 

modifying thermal properties for building surfaces.  

Second, the impact of thermal properties as a variable affecting the performance of a high-albedo strategy 

[80] was mostly neglected in existing studies; moreover, their values were sometimes not documented [81,82]. A 

high-albedo strategy can reduce the heat transfer to the building and the atmosphere [83]. The influence of thermal 

properties and the performance of cool roofs on indoor energy consumption has been widely studied [73,84,85], 

but only few specific scenarios of thermal mass and insulation were considered in evaluating the effect tha t cool 

roofs have on the atmosphere [80,86]. A systematic account of thermal properties for investigating the effect of a 

high-albedo strategy on the atmosphere is still lacking.  

Third, the assumption and generalization of thermal properties may influence the accuracy of surface energy 

balance (SEB) models. SEB models, such as ENVI-met [5], SOLENE [6–8], and THERMORender [9–11], explore 

the interaction between buildings and the atmosphere at the surface layer [3]. These models can identify areas 

with severe outdoor thermal conditions [12,13], examine potential scenarios and technologies for the UHI 

mitigation [14–16], and can be coupled with building energy models for a more accurate prediction of energy 

demands [17–19]. The selection of urban optical and thermal properties is important to the simulation quality [20]. 

In addition to a study that assumes standardized building parameters [21,22], collecting the input building material 

data in the real world is a tedious job because of the large number of diverse materials used in urban constructions. 

Few studies have derived the surface materials and albedo by remote sensing [29,87], but the thermal properties 

of urban surfaces are usually assumed and generalized [15,16,39,73]. SEB model’s sensitivities to the albedo and 

emissivity have been analyzed, showing that they clearly alter the model quality [20]. However, SEB model-based 
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simulation errors caused by the assumption and generalization of thermal properties have been rarely discussed, 

and this may affect the decision of tailored UHI mitigation solutions and the boundary conditions to accurately 

predict building energy demand. 

To bridge the above three gaps by attaining more universal results, the effects of the thermal properties of 

building surfaces on the heat exchange with the environment is systematically studied by a numerical simulation. 

A case study is thus carried out on a typical summer day with clear sky conditions in a city block in Yokohama 

city, Japan. A SEB model and input parameters (meteorological data and physical properties) are introduced and 

validated with a simulation-to-measurement comparison. The thermal properties studied are determined from a 

database of commonly used wall and roof surface materials in urban areas in Japan. The effects that both individual 

and combined modifications of the thermal properties of walls and roofs have on the surface heat exchange are 

investigated, as well as the thermal behavior of roofs before and after applying a high-albedo strategy with various 

thermal properties. The results are discussed in terms of the external surface temperature (Ts) and sensible heat 

flux (QH) emitted by the surface which represents the heat exchange between the building surface and the 

atmosphere; with regards to three issues: (a) the effect of modifying the thermal properties of surface materials, 

(b) the impact of various thermal properties on the cooling effect of the high-albedo strategy, and (c) the sensitivity 

of the SEB model to thermal properties and the simulation error that is caused by the assumption and 

generalization of the thermal properties. 

2. Methodology 

2.1 Simulation model  

The SEB model (THERMORender) developed by Asawa et al. (2008) was applied in this chapter [10]. The 

3D Ts distribution in the test area was calculated by using an energy balance simulation model. First, 3D spatial 

geometries of buildings, trees, and other structures, as well as two-dimensional (2D) ground surfaces, were divided 

into mesh cells of a regular 400-mm size. For each surface cell, in which the normal vector of the surface and 

component materials with a multilayer were stored, the energy balance and unsteady heat conduction were 

calculated. The energy calculation equations used are shown as follows. 

(1) Energy balance of each surface 

𝑅𝑆 + 𝑅𝐿 + 𝑄𝐻 + 𝑄𝐸 − 𝑄𝐺 = 0 

𝑅𝑆 = (1 − 𝛼)(cos 𝜃 ∙ 𝐼𝐷𝑅 + 𝐹𝑠𝑘𝑦𝐼𝑆𝑅 + 𝐼𝑅𝑅) 



17 
 

𝑅𝐿 = 𝐹𝑠𝑘𝑦𝑅𝐿𝑎 + 𝑅𝐿𝑤 − 𝜀𝑠𝜎𝑇𝑠
4 

= 𝐹𝑠𝑘𝑦(𝑅𝐿𝑎 − 𝜀𝑠𝜎𝑇𝑠
4) + (𝑅𝐿𝑤 − 𝐹𝑤𝜀𝑠𝜎𝑇𝑠

4) 

𝐹𝑠𝑘𝑦 + 𝐹𝑤 = 𝐹𝑠𝑘𝑦 + ∑ 𝐹𝑖
𝑛
𝑖=1  = 1, 

𝑅𝐿𝑎 = 𝜀𝑠𝜎𝑇𝑎
4 ((𝑎 + 𝑏√𝑒) (1 −

𝑐

10
𝑚) +

𝑐

10
𝑚), 

𝑅𝐿𝑤  = 𝜀𝑠 ∑ 𝐹𝑖𝜀𝑤𝑖𝜎𝑇𝑤𝑖
4𝑛

𝑖=1 , 

𝑄𝐻 = 𝛼𝑐(𝑇𝑎 − 𝑇𝑠), 

𝑄𝐸 = lβk(𝑋𝑎 − 𝑋𝑠)  (wet surface, vegetated surface, in this chapter 𝑄𝐸= 0), 

𝑄𝐺 = −λ
𝜕𝑇

𝜕𝑥
 

(2) One-dimensional (1D) unsteady heat conduction (inside of each surface) 

𝜕𝑇

𝜕𝑡
=

λ

𝐶𝜌

𝜕2𝑇

𝜕𝑥2
 

 

(3) Boundary condition for building interior 

−λ
𝜕𝑇

𝜕𝑥
= 𝛼𝑜(𝑇𝑠𝑟 − 𝑇𝑟) 

The quantity of direct solar radiation IDR received by a cell was simulated by using the ray-tracing method. 

The reflected solar radiation IRR on each surface included specular reflection and isotropic diffuse reflection, both 

of which were considered as the first reflection. The specular reflective radiation was calculated by conducting a 

ray-tracing simulation toward the direction of the specular reflection. Diffuse reflective radiation was estimated 

under the assumption of an isotropic diffuse reflection following Lambert’s cosine law, and the quantity of the 

diffuse reflective radiation received by a cell was calculated by performing a multitracing simulation toward the 

surrounding cells. The specular reflectance was only applied to the glass materials of windows, and diffuse 

reflectances were set for all other materials. 

The quantity of sky solar radiation ISR received by a cell was estimated by multiplying the sky view factor of 

the cell by the quantity of sky solar radiation for unobstructed sky conditions derived from the meteorological 

data. The sky view factor was calculated by conducting a multi tracing simulation from the cell toward upper 

hemispherical directions. The quantity of atmospheric radiation RLA received by a cell was also estimated by the 

sky view factor and the quantity of atmospheric radiation calculated by Brunt’s formula. The sky radiance 

distribution was ignored for both shortwave and longwave diffuse radiation from the sky, and was assumed to be 
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uniform in this calculation. The exchange of longwave radiation with the surroundings was also calculated. 

In reality, 3D transient heat conduction occurs on the building surfaces. However, this factor here was 

simplified to 1D transient heat conduction. This assumption is considered to be valid in the simulation results, 

because Ts and QH were averaged for each surface unit. The Ts and sectional distribution of the temperature in the 

building envelopes and the ground were calculated using the 1D transient heat conduction equation and the 

estimated energy balance for a diurnal circle. The backward difference method was employed for the 1D transient 

heat conduction with a time integration in increments of 5 minutes. The QH was calculated by multiplying the 

convective heat transfer coefficient (CHTC) with the difference between Ts and the ambient temperature. The 

CHTC was estimated by the Jürges equation [88]，which may introduce an uncertainty of +/- 15-20% [89–91]. 

The air temperature and wind speed on the surfaces of the building were assumed to be uniform. This 

simplification may appear drastic; however, it is required. Once the model is coupled with a computational fluid 

dynamics simulation, the computational load significantly increases, causing difficulty in conducting systematic 

simulations in many cases. This simplification will be checked in the validation section. The latent heat flux (QL) 

was not calculated for the building surfaces.  

2.2 Theoretical calculation on thermal properties of multilayer surface 

The theoretical calculation method used in this chapter is based on ISO 6946 [92] and is a simple calculation 

using reliable technical information or database without the requirement of physical testing. However, compared 

to the actual value of the thermal properties by the measured method (e.g., ISO 9869-1 [54]), this method may 

introduce roughly a +/- 5-20% uncertainty in each thermal property due to the influence from construction and 

workmanship, the omission of thermal contact resistance, and the use of the standardized and generalized thermal 

resistance of the air layer [93]. 

2.2.1 Coefficient of thermal conductivity λc [W m-2 K-1] 

Since layers of building surfaces are assumed to be tightly laminated, the thermal contact resistance can be 

ignored. 𝛿𝑖 [𝑚] is the thickness of each target layer. In addition to air layers, the thermal resistance per unit 

surface area (Ri [m2 K W-1]) and thermal conductivity (𝜆𝑖 [W m-1 K-1]) of each target layer are related via [Eq. 

(1)]: 

𝑅𝑖 = 𝛿𝑖/𝜆𝑖                                             (1) 

The thermal resistance per unit surface area for each air layer (Ra) was given the standardized value of 0.09 

m2 K W-1 here. Material with an extremely low-emissivity (e.g., aluminum foil with an emissivity of 0.2) emits 
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lower longwave radiation, and was therefore rarely used to line air layers in Japan, meaning that no exceptional 

thermal resistances need to be examined here. The difference in resistance between horizontal and vertical air 

spaces is also ignored owing to its slight influence on both the radiative and the convective heat transfer within 

an air layer. According to the analogy between electrical and thermal resistance, the total thermal resistance per 

unit surface area (R [m2 K W-1]) of n layers of engineering materials and m layers of air spaces can be calculated 

as in Eq. (2): 

𝑅 = ∑ 𝑅𝑖

𝑛

𝑖=1

+ 𝑚𝑅𝑎                                    (2) 

Based on Eq. (1) and (2), the total thermal resistance per unit surface area of a multilayer component is 

determined via the relation to the conductivity and thickness of each target layer [Eq. (3)]:  

𝑅 = ∑(𝛿𝑖/𝜆𝑖)

𝑛

𝑖=1

+ 𝑚𝑅𝑎                                (3) 

Therefore, the total conductivity coefficient (𝜆𝑐  [W m-2 K-1]) of the multilayer component of a building 

surface is calculated as the weighted mean of the conductivity of each layer, where the weight is inversely 

proportional to the thickness of each target layer [Eq. (4)]:  

𝜆𝑐 = 1/𝑅 = 1/(∑(𝛿𝑖/𝜆𝑖)

𝑛

𝑖=1

+ 𝑚𝑅𝑎)                      (4) 

2.2.2 Areal heat capacity 𝑪𝒂 [kJ m-2 K-1] 

Cρi [kJm-3K-1] and Cai [kJm-3K-1] are the volumetric and areal specific heat capacities of a target layer, 

respectively. The total specific heat capacity (𝐶𝑎 [kJ m-2 K-1]) of a unit-area multilayer urban surface can be 

calculated by the following equation [Eq. (5)]: 

𝐶𝑎 = ∑𝐶𝑎𝑖 = ∑(𝛿𝑖 ∗ 𝐶𝜌𝑖)                                       (5) 

2.3 Study building and simulation condition 

A case study was conducted on a university campus in Yokohama city, Japan. The test area was approximately 

174 m × 148 m, enclosed on four sides as a repeated unit within the school (Fig. 1). The test building was three 

floors and of a straight type, with offices and experimental rooms inside. The values of the physical properties for 

the study area are listed in Table 1 in order to reproduce the actual material.  

Based on weather data observed by the Japan Meteorological Agency’s weather station at Yokohama (open 

online: https://www.data.jma.go.jp), July 9 was selected as a typical summer day in 2017 for simulations. The sky 

https://www.data.jma.go.jp/obd/stats/etrn/index.php?prec_no=46&block_no=47670&year=&month=&day=&view=
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was clear and sunny, and in the middle of sunny days. The meteorological conditions are displayed in Fig. 2. The 

indoor air was assumed to have a constant temperature of 26 ºC with air conditioning. 

 

Figure 1. Test area and target building  

 

Table 1. Physical properties of test building and ground materials (see nomenclature)  

 δ  

[mm] 
α 

[-] 

ε 

[-] 

λc  

[W m-2 K-

1] 

Ca  

[kJ m-2 K-1] 

Test building 

wall 

170 0.4 0.95 5.06 325 

Silicon coating 20 0.4 0.95 7.50 32 

concrete 150 - - 5.40 285 

Test building 

roof 

180 0.3 0.95 0.86 282 

Waterproof 

coating 

15 0.3 0.95 0.67 15 

Concrete 140 - - 5.79 266 

Foam board 25 - - 1.2 0.75 

Ground 1130 0.3 0.90 0.61 1820 

Asphalt 

pavement 

130 0.3 0.90 5.38 260 

Mortar 200 - - 7.5 320 

Gravel 400 - - 1.5 600 

Soil 400 - - 1.5 640 

 

 

 

 

 

 



21 
 

(a) Ambient temperature and relative humidity                       (b) Global solar radiation  

 

Figure 2. Reference meteorological conditions at the study site  

2.4 Input property parameter of building surface for simulation cases 

In order to discuss the effects of modifying the thermal and optical properties systematically, synthetic values 

were set for the simulation cases. To confirm the universality and applicability of the simulation results, the input 

thermal and optical properties for the surface materials were sourced from a database of commonly used building 

surface materials in an urban area of mainland Japan, and within the documented range of engineering materials 

(termed as the “civil engineering range” in the following thesis). Notice that the “civil engineering range” in this 

thesis does not have the scientific evidence to give its quantitative definition. According to a classification method 

by Hoyano et al. (2007)[94], 63 and 76 components were included for roof and wall surfaces from the database, 

respectively. Note that this database contained information for existing buildings that were mainly constructed 

before 2000. Thicker insulation (50–100 mm) is required in more recent constructions owing to Japan’s Regulation 

of Building Energy Efficiency. However, considering the climate of mainland Japan is subtropical climate, this 

database may not be applicable for other countries and regions with different climate and preference of building 

materials. 

2.4.1 Control case 

To determine a control case for the thermal properties, K-means clustering was applied to classify the 

roof/wall components from the abovementioned database into 10 clusters and to plot each cluster center (Fig. 3) 

depending on the Euclidean distance calculated by the values of the normalized thermal properties.  Fig. 3 (a) 

shows that the most commonly used wall constructions have low thermal conductivity and heat capacity, such as 

ALC panel/steel/ceramic siding with layers of insulation and air used in commercial and residential buildings, and 

the components for wooden houses. Their cluster centers are 0.68 Wm-2K-1 (λc) and 44744 Jm-2K-1 (Ca). As shown 
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in Fig. 3 (b), the roof components with low heat capacity and thermal conductivity (wooden construction and 

tile/asphalt/steel covered with layers of insulation and air) are as widely used as those with low heat capacity and 

high thermal conductivity (tile/steel covered with a thin layer of asphalt and a layer of plywood). Their centers 

are 0.72 Wm-2K-1 (λc) and 49740 Jm-2K-1 (Ca), and 11.3 Wm-2K-1 (λc) and 27745 Jm-2K-1 (Ca), respectively. The 

thermal conductivity of the roof and wall constructions is rarely allocated at a medium value (around 6 Wm -2K-1 

and 7 Wm-2K-1, respectively). Hence, the control case was set at 1 Wm-2K-1 (λc) and 50 kJm-2K-1 (Ca) for both the 

wall and roof. 

 

(a) Wall surface 
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(b) Roof surface 

 

Figure 3. Distributions of thermal properties of commonly used wall (a) and roof (b) components 

In terms of the optical properties, the commonly used exterior covering materials for urban surfaces (concrete, 

asphalt, stone, tile, etc.) usually have a 0.2–0.3 albedo if the coating color is not light [40,41]. Most building 

materials have high emissivities between 0.9 and 0.95 [97]. Hence, the control case here for the roof and wall 

surfaces was set to 0.2 for the albedo and 0.9 for the emissivity.  

2.4.2 Cases involving individual modifications of thermal properties 

Cases of individual modifications of thermal properties were simulated as shown in Table 2. For walls, the 

studied values of thermal properties were referred from Fig. 3 (a). For a roof as shown in Fig. 3 (b), even if there 

is no typical material with a thermal conductivity of a medium value (6–8 Wm-2K-1), the materials with a medium 

thermal conductivity of 8 Wm-2K-1 were assumed to simulate the uniform modification.  

Modifications of the optical properties were also studied as a comparison. The albedo of commonly used 

surface materials with light-color coating is 0.4–0.5. Many reflective materials and white coatings have an albedo 

of 0.7–0.8 [40,41]. For example, Takebayashi (2007) monitored a roof surface with an albedo of 0.74 in Japan 

[98]. Hence, the studied albedos were set as 0.5 and 0.8. Few engineering materials (e.g., asbestos slate, silver-

gray slate, and zinc-iron plate) have an emissivity lower than around 0.8 [99], so a low emissivity of 0.8 was set. 
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Table 2. Simulations for individual modification of thermal properties for roof and wall surfaces  

Modification Case 
α 
[-] 

ε 
[-] 

λc 

[W m-2 K-1] 

Ca 

[kJ m-2 K-1] 

Reference materials 

λc [W m-2 K-1] / Ca [kJ m-2 K-1] 

Layers from exterior to interior [mm] 

Roof                            Wall 

 
Control 

Case-R/W 
0.2 0.9 1 50 

0.8 / 41 

Layers shown in Fig. 3 (b) 

0.9 / 43 

Layers shown in Fig. 3 (a) 

Albedo 
A1-R/W 0.5 0.9 1 50 Light-color paint Light-color paint 

A2-R/W 0.8 0.9 1 50 White paint White paint 

Emissivity E1-R/W 0.2 0.8 1 50 Low-emissivity coating Low-emissivity coating 

Thermal 

conductivity 

T1-R/W 0.2 0.9 4 50 
3.3 / 71 

Layers shown in Fig. 3 (b) 

3.7 / 32 

Layers shown in Fig. 3 (a) 

T2-R/W 0.2 0.9 8 50 None 
8.7 / 78  

Layers shown in Fig. 3 (a) 

T3-R/W 0.2 0.9 12 50 
11.2 / 34 

Layers shown in Fig. 3 (b) 

12.5 / 15 

Layers shown in Fig. 3 (a) 

Heat capacity 

H1-R/W 0.2 0.9 1 100 

1.3 / 86 

Asphalt 1 

Asphalt roofing 10 

ALC 100 

Gypsum board 10 

1.2 / 82 

Granite stone 30 

Air layer 15 

Rock wool 30 

Gypsum board 10 

H2-R/W 0.2 0.9 1 250 

1.1 / 249 

Asphalt 1 

Mortar 6 

Concrete 120 

Polystyrene foam 30 

Gypsum board 10 

1.0 / 295 

Layers shown in Fig. 3 (a) 

H3-R/W 0.2 0.9 1 400 
0.8 / 395 

Layers shown in Fig. 3 (b) 

0.9 / 396 

Layers shown in Fig. 3 (a) 

H4-R 0.2 0.9 1 550 
0.9 / 515 

Layers shown in Fig. 3 (b) 
 

 

2.4.3 Cases for combined modification of thermal properties 

As presented in Table 3, H3-W, H4-R, T1-W/R, and T2-W (section 3.1) as previously simulated were used 

as individual modifications, and H5-R and T4-R were added for the roof surface. Four cases (C series) were 

simulated as combined modifications of both the heat capacity and thermal conductivity. The reference materials 

are commonly used in urban areas in Japan. 

Table 3. Simulations for combined modification of thermal properties for roof and wall surfaces 

Modificat

ion 
Case 

α 

[-] 

ε 

[-] 

λc 

[W m-2 

K-1] 

Ca 

[kJ m-2 

K-1] 

Reference materials 

λc [W m-2 K-1] / Ca [kJ m-2 

K-1]  

Layers  

 

Control 

Case-

R/W 

0.2 0.9 1 50 Table 2 

Heat 

capacity 

H3-W 0.2 0.9 1 400 Table 2 

H5-R 0.2 0.9 1 300 

0.3 / 312 

Layers shown in Fig. 3 

(b) 

H4-R 0.2 0.9 1 550 Table 2 



25 
 

Thermal 

conductivi

ty 

 

T1-W/R 0.2 0.9 4 50 Table 2 

T2-W 0.2 0.9 8 50 Table 2 

T4-R 0.2 0.9 3 50 

3.3 / 71 

Layers shown in Fig. 3 

(b) 

Combined 

modificati

on 

C1-W 0.2 0.9 4 400 

3.8 / 404 

Layers shown in Fig. 3 

(a) 

C2-W 0.2 0.9 8 400 

8.3 / 414 

Layers shown in Fig. 3 

(a) 

C1-R 0.2 0.9 3 300 

3.0 / 261 

Layers shown in Fig. 3 

(b) 

C2-R 0.2 0.9 3 550 

3.2 /495 

Layers shown in Fig. 3 

(b) 

2.4.4 Cases to simulate impact of thermal properties on cooling effects of high-albedo strategy 

As shown in Table 4, the studied values of the thermal properties for roof surfaces were derived from 10 

cluster centers [shown in Fig. 3 (b)]. The simulated albedos before (B-case) and after the high-albedo modification 

(M-case) were 0.2 and 0.8, respectively. 

Table 4. Simulations for high-albedo strategy applied for roofs with various thermal properties 

Modification Case 
α 

[-] 

ε 

[-] 

λc 

[W m-2 

K-1] 

Ca 

[kJ m-2 

K-1] 

Cluster center 

λc [W m-2 K-1] /  

Ca [kJ m-2 K-1] 

Before 

modification 

B1-R 

(Control 

Case-R) 

0.2 0.9 1 50 0.7 / 50 

B2-R 

(H5-R) 
0.2 0.9 1 300 0.5 / 299 

B3-R 

(H3-R) 
0.2 0.9 1 400 

1.0 / 387 

 

B4-R 

(H4-R) 
0.2 0.9 1 550 

1.3 / 536 

 

B5-R 0.2 0.9 3 100 3.1 / 74 

B6-R 0.2 0.9 3 300 3.3 / 302 

B7-R 0.2 0.9 3 500 3.1 / 504 

B8-R 0.2 0.9 5 300 5.4 / 317 

B9-R 0.2 0.9 10 50 9.5 / 30 

B10-R 0.2 0.9 11 50 11.2 / 28 

High albedo 

M1-R 0.8 0.9 1 50 Same to B1-R 

M2-R 0.8 0.9 1 300 Same to B2-R 

M3-R 0.8 0.9 1 400 Same to B3-R 
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M4-R 0.8 0.9 1 550 Same to B4-R 

M5-R 0.8 0.9 3 100 Same to B5-R 

M6-R 0.8 0.9 3 300 Same to B6-R 

M7-R 0.8 0.9 3 500 Same to B7-R 

M8-R 0.8 0.9 5 300 Same to B8-R 

M9-R 0.8 0.9 10 50 Same to B9-R 

M10-R 0.8 0.9 11 50 Same to B10-R 

3. Simulation validation 

The SEB model and calculation mesh size were validated by a simulation-to-measurement comparison in 

terms of the radiant temperature and shadow-sunlight transitions. The measurement was conducted on February 

24, 2018, a windless winter day with a clear sky. The meteorological data were as shown in Fig. 2, observed in 

the field by a radiometer, thermometer, and anemometer. With clear-sky conditions, the partition between the 

direct and diffuse components was calculated using Erbs’ model [100] for the target day.   

By using a handheld thermal infrared camera (InfReC Thermo GEAR, Nippon Avionics Co., Ltd., Japan) and 

a multispectral camera (Rededge-M, MicaSense Inc., USA), hourly infrared and multispectral images for each 

façade were captured from sunrise to sunset and at around midnight. We averaged the measured radiant 

temperatures of façade surfaces excluding windows, branches, pipes, and air-conditioner outdoor units. As 

measured by the thermal infrared camera, the relationship between the radiant temperature 𝑇𝑟𝑖 of a target i and 

its actual surface temperature 𝑇𝑠𝑖 is as follows [Eq. (6)]: 

𝐿𝑏(𝑇𝑟𝑖) = 𝜀𝐿𝑏(𝑇𝑠𝑖) + (1 − 𝜀)𝐿𝑏(𝑇𝑤)                                       (6) 

where Tw is the average temperature of the surrounding buildings and ground, and 𝐿(𝑇) = 𝜀𝐿𝑏(𝑇). 𝐿𝑏 is the 

radiant heat flux from a black body, whose emissivity (𝜀) close to 1, to its surroundings. It depends on the target 

temperature ( 𝑇 ) and spectral wavelength (in this chapter, the thermal infrared wavelength) expressed by 

Kirchhoff’s law. The average of the measured radiant temperature for each façade is directly applied for the 

comparison. According to the hourly multispectral images, the time when measured areas of the SW, SE, and NW 

façades starts being sunlit and shadowed can be clearly observed. The measured area of the NE façade is  without 

sunlight, and only some other parts are slightly sunlit in the morning because they are mainly under the shadow 

of a south-facing building. 

Two simulations were carried out on February 24, 2018, with mesh sizes of 200 mm and 400 mm. The basic 

simulation outputs were the instantaneous surface temperatures of facets based on an iterative computation of an 
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energy flux budget. This computation involves the reflection on all facets, and 𝜀 of the surface material and 

simulated Ts are known; therefore, the simulated radiant temperatures can be obtained for the comparison based 

on Eq. (6). 

As shown in Fig. 4, the thinner mesh provides values closer to those measured, but the difference is negligible. 

Considering a reasonable time for computation (about 100 min for 400 mm, and 400 min for 200 mm), the grid 

resolution of 400 mm was selected to allow for an accurate simulation. A fairly good agreement is generally 

observed in Fig. 4; in particular, the shadow-sunlight transitions are reproduced quite well. The radiant 

temperatures are simulated with a high r2 above 0.90, indicating a strong correlation with the values measured. 

This is also verified by the mean absolute errors (MAEs) and root mean square errors (RMSEs) for four façades, 

which are usually around 1.0 ºC and 1.3 ºC and are not greater than 1.3 ºC and 1.67 ºC, respectively.  

The simulated value of the NE façade, which received the least direct solar radiation, reveals the smallest 

difference from the observed value, which is in agreement with existing validations of the SOLENE model [21,33]. 

Most of the noon and afternoon radiant temperatures of the SE and NE façades are overestimated by up to about 

2.0 ºC, while those of the SW and NW façades appear to be more satisfactory. This is probably caused by Erbs’ 

model [100] as applied to the solar radiation partitioning that overestimates the received solar radiation on the 

east-oriented vertical surfaces from noon through the afternoon. An adapted coefficient should be applied to 

improve the radiation model while accounting for the geographical and climatic conditions of the study site.  

Only the NW-façade temperature overshot from sunrise to noon by up to 3.4 ºC (10:00) as a maximum error. 

Its comparison to the NE façade from 06:00 to 12:00, when all temperatures were supposed to be close since they 

did not receive orientation-based direct solar radiation, suggests that this difference was caused by reasons other 

than the model performance. This may be owing to the reflected radiative contributions of windows on the 

opposite façade (SE orientation) because windows are not modeled in the façades of surrounding buildings as a 

simplification.  

Indeed, a multispectral image of the NW façade taken at 10:00, presenting obvious window-shaped areas 

with higher brightness, reinforces this hypothesis. Meanwhile, it is confirmed that the simplifications of uniform 

distributions of the air temperature and wind speed on the building surfaces in the simulation are valid under 

weather conditions with a low wind velocity [101]. 

The reason to validate on a winter day rather than a summer day was a priority to test the influence of low 

solar elevation angles on the simulation accuracy. Among the SEB-based models validated in different cases [16–
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18,30,42,43], the simulated evolution of a case in France is in excellent agreement with the measured data for July 

15, whereas a clear underestimation (up to 8 K) is observed for February 25 when the solar elevation angle was 

low [8]. On winter days, the solar elevation angle is lower than in summer, and the proportion of direct solar 

radiation received by the façade is larger than in summer, so its surface temperature variation appears more 

sensitive to solar radiation. Meanwhile, the temperature difference between the indoor and ambient air on winter 

days (around 15 ºC) is larger than that on summer days (less than 10 ºC) in Yokohama city. This can better test the 

simulation accuracy of heat conduction and convection.  

 

Figure 4. SEB modeling performance in terms of hourly radiant temperature and error analysis 

compared to measurement. Yellow band indicates period of being sunlit. 

SW: southwest, NE: northeast, NW: northwest, SE: southeast. i-W: west side of i, i-E: east side of i. MAE: 

mean absolute error, RMSE: root mean square error, RMSEs: systematic RMSE, RMSEu: unsystematic 

RMSE, r2: coefficient of determination.  
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To further evaluate the model quality, the model is compared with the validation results of SOLENE. A 

validation case on July 28 in an industrial area of Guerville, France, exhibits an RMSE of 0.61–2.57 ºC for the 

daily Ts at different heights of the S façade, and 0.79–1.38 ºC for those on the N façade [20]. The maximum errors 

for both the S and W façades are around 5 ºC at a height of 2.6 m at noon. Another validation case, conducted on 

a summer day and a winter day in the center of Toulouse, France, reveals an average RMSE of the daily Tr for the 

four façade orientation groups (N-NE, E-SE, S-SW, and W-NW) as 1.6, 2.3, 2.7, and 2.6 ºC, respectively [8]. It is 

not very strict to compare the error values since the above validations were determined under different 

meteorological conditions and urban geometry. However, the generally lower RMSE, MAE, and maximum error 

for the simulated temperatures in the THERMORender model demonstrate that its performance is sufficient.  

Overall, the THERMORender model can explore the effects of building external surfaces in terms of the 

diurnal variations of the surface temperature and energy budget. For better simulation accuracy, an improved 

model of diffuse solar fractions, considering geographical and climatic conditions in Japan, is applied to the 

following simulations.  

4. Simulation results  

4.1 Individual modifications of thermal properties 

4.1.1 Roof 

The simulation results of Case-R from Table 2 are shown in Fig. 5. Fig. 5 (a) shows the control case and 

albedo modification cases (Ai-R); and (b), (c), and (d) are the same except for the emissivity (Ei-R), thermal 

conductivity (Ti-R), and heat capacity (Hi-R). Fig. 5 illustrates that for the roof, increasing α cools the external 

surface considerably. An increase of 0.3 in α led to a reduction of up to about 9 ºC in Ts at noon. Nonnegligible 

cooling effects were detected for an increasing thermal conductivity and heat capacity. For an increase from 1 to 

8 Wm-2K-1 (λc), the maximum cooling and warming effects were about 2.8 ºC around 12:00 and 0.4 ºC during 

the night. Further cooling by increasing λc from 8 to 12 W m-2 K-1 was only 0.7 ºC at 12:00, which is not as 

significant as those from 1 to 4 Wm-2K-1 (about 1.6 ºC) and 4 to 8 Wm-2K-1(about 1.3 ºC).  

The daytime cooling effect when increasing Ca is lower than that when increasing λc within a typical civil 

engineering range, whereas its warming effect is greater. Increasing Ca also delays the time for the peak 

temperature at noon. The maximum cooling and warming effects of a Ca modification, within a typical civil 

engineering range in Japan, were about 3.0 ºC and 2.0 ºC, respectively. A modification to ε has a relatively 

insignificant impact. The warming effect when decreasing an ε of 0.1 was up to about 0.8 ºC.  



30 
 

The simulated QH released by the roof is shown in Fig. 6. Similar to the results of Ts, the reduction in QH is 

primarily driven by α modifications and remains scarcely influenced by the ε modification from a practical 

viewpoint. In terms of the noontime QH (12:00–13:00), the mitigation effects of an extreme increase in λc and Ca 

within a typical civil engineering range were around 1/3 and 1/4 of that of an α increase of 0.3, respectively. 

 (a) α [-]                                                      (b) ε [-] 

 

 (c) λc [Wm-2K-1]                                                 (d) Ca [kJm-2K-1] 

 

Figure 5. Simulated surface temperatures of roofs with various (a) albedo, (b) emissivity, (c) thermal 

conductivity, and (d) heat capacity 

Figure 6. Simulated QH released by roof external surface 

 

4.1.2 Wall  

The simulation results of Case-W from Table 2 are shown in Fig. 7. The first row of Fig. 7 (a–d) reveals the 
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diurnal variation of the average surface temperature of four façades, the second row is the same as the first row 

for the SW and NE façades, and the third row shows the results for the SE and NW façades. Since the SW and NE 

façades are dominant in the total area of the building façades, the diurnal variation of the average surface 

temperature of the four façades seems to be a compromise between those of the SW and NE façades. Only one 

strong increasing curve reaches its peak value at around 14:00 for the SW façade, mainly owing to the contribution 

of solar radiation. Hence, the best modification to reduce the peak value is to increase α, whose behavior is far 

from other modifications.  

For the NE façade, its summer diurnal variation is quite different from the winter one (section 2.4) because 

the higher solar elevation angle allows it to be sunlit. This removes the shadow of the building at the south side 

in the morning, causing an extra peak value at 10:00 in addition to that at 13:00 in winter, which is mainly owing 

to the increase in ambient air temperature. Different peak reason influences the effects of surface modifications. 

The α modification is superior in reducing the first peak value, but its contribution to the second one is negligible, 

whereas the contributions of modifying λc and Ca are close to reducing these two peak values.  

The contribution of an increase in λc and Ca on the temperature reduction does not significantly depend on 

the façade orientations. The maximum differences in the daytime reductions among the four façades are about 0.1 

ºC and 0.2 ºC, respectively. Conversely, the façade orientations significantly affect the cooling effect of an α 

increase. The maximum difference in the peak reduction was 3.3 ºC between the SW (5.1 ºC at 14:00) and NE 

(1.8 ºC at 9:00) façades. As another optical property, the cooling effect of increasing ε is also influenced by the 

orientation, and the maximum effect appears on the SW façade as well. Meanwhile, increases in λc and Ca have a 

nocturnal warming effect of up to about 0.3 ºC and 0.5 ºC on average for the four façades, respectively. 
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(a) α [-]                                                      (b) ε [-] 
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 (c) λc [Wm-2K-1]                                                (d) Ca [kJm-2K-1] 

 

Figure 7. Simulated surface temperatures of walls with various (a) albedo, (b) emissivity, (c) thermal 

conductivity, and (d) heat capacity for average four façades and individual façade 

In terms of QH as shown in Fig. 8, the UHI mitigation effect of a large increase in λc was apparently close to 

that of an increase of 0.3 in α during the daytime and at noon, but lower than that for the daily average owing to 

its nocturnal warming effect. A large increase in Ca shows about 54% and 68% of the mitigation effect of a large 

increase in λc during the daytime and at noon, respectively. However, this also exhibited a slightly larger nocturnal 

warming effect. The amount of sensible heat flux emitted by the SW façade accounts for most of the total emitted 

by the façades, while that emitted by the NE façade accounts for the least. The α modification plays the main role 

in influencing QH for most of the façades, whereas for the NE façade, the reduction in QH at noon is dominantly 

driven by a largely increasing λc and Ca, which are more than twice of and obviously more than the effect of the 

largely increasing α, respectively.  
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Figure 8. Simulated QH released by façade  

 

4.2 Combined modifications of thermal properties 

Fig. 9 shows the simulated accumulated and combined effects of modifying the thermal properties on the 

emitted sensible heat fluxes. The cases are listed in Table 3. As shown in Fig. 9, a nonsignificant difference is 

illustrated between the combined effect and the accumulated effect for the daily average reduction of QH released 

by building surfaces. For the roof, the combined effects of C1-R and C2-R are separately 18% and 26% higher 

than the accumulated ones in reducing the daytime QH, whose ratios increase to 31% and 38% at noon, respectively. 

Their nocturnal warming effects are 58% and 55% higher, respectively. For the wall (C1-W and C2-W), the 

daytime combined cooling effects are separately 40% and 46% higher than the accumulated ones, and their ratios 

remain similar at 41% and 49% at noon, respectively. Their nocturnal combined warming effects are 63% and 80% 

higher, respectively. 
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Figure 9. Simulated accumulated and combined effects on QH 

In addition, as shown in Fig. 10 (left), in summer, the combination of H2-W with a relatively low thermal 

conduction of 1 Wm-2K-1 and medium heat capacity of 250 Jm-2K-1 showed a similar performance on the hourly 

surface temperature and its temporal variation as T1-W with a medium thermal conduction of 4 Wm-2K-1 and 

relatively low heat capacity of 50 Wm-2K-1. However, the surface temperature difference turned larger by about 

0.2-0.3 ºC at night with a Whereas, in winter, T1-W revealed an obviously higher surface temperatures than the 

H2-W with an average of about 1.3 ºC and up to about 2 ºC. 

 

Figure 10 Simulated combined effects as a compromise in summer (left) and an accumulation in winter 

(right) on surface temperatures  

 

4.3 Impact of thermal properties on cooling effects of high-albedo roof  

Fig. 11 shows the results after applying high-albedo strategies to the roofs with various combinations of 

thermal properties. The effects of a high-albedo strategy on QH are shown as the lower scatters (Table 4, calculated 

by the Mi QH to minus corresponding Bi QH), and the effects of the thermal properties are shown as the upper 

scatters (Table 4, calculated by the M1–10 QH to minus M1 QH). As shown in the lower scatters, nonnegligible 
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differences of QH exist among 10 typical roof constructions when applying a high-albedo coating. M1-R, with the 

smallest λc and Ca, shows the best effect after applying a high-albedo strategy to reduce the daytime QH, whereas 

the worst daily effect appears for M10-R. The worst daytime effect appears in M8-R with the median λc (5/11 W 

m-2 K-1) and Ca (300/550 kJ m-2 K-1).  

The maximum daily, daytime, noon, and nighttime QH reductions are 14 (15%), 26 (15%), 66 (23%), and 14 

Wm-2 (344%) larger than the minimum ones, respectively. Meanwhile, their standard deviations, compared to the 

mean values of the 10 cases, are 10, 14, 21, and 5 W m-2, respectively. On the other hand, as shown in the upper 

scatters, M1-R shows the worst daytime performance contributed by the thermal properties, while the largest daily 

and daytime cooling effects appear in M10-R and M8-R, respectively. 

 

Figure 11. Effects on QH owing to high-albedo strategy (lower scatters) and owing to various combinations 

of thermal properties (upper scatters)
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5. Discussion 

5.1 Effect of individual modification of thermal properties 

The results in section 4.1.1 reveal that the thermal performance of a roof depends on thermal and optical 

properties, and the determinant one is the albedo. This confirms the potential of a high-albedo roof for UHI mitigation 

in temperate zones during the summer [98]. Compared to the albedo, modifying a roof’s thermal properties has only 

a limited effect in cooling the surface. This is in agreement with a pavement modification case by Yang et al. (2016) 

[39]. Because the ground and roof are both horizontally exposed to receive a large amount of direct solar radiation in 

the summer. However, the studied thermal property values in Yang et al.’s case are specific: the increase in λc is only 

3 W m-2 K-1 but reaches 630 kJ m-2 K-1 for Ca.  

However, a more systematic and objective selection of the thermal property values here leads to an improvement 

in the universality of the study, and suggests that the studied thermal properties within a typical practical range do 

not affect the findings. On the other hand, the cooling effects when increasing the thermal conductivity and heat 

capacity cannot be negligible for the heat transferred to the atmosphere. This may lead to a risk that as well accepted, 

an increase in the thermal conductivity of a building surface leads to a greater energy consumption for the cooling 

and heating loads. However, as concluded by Gagliano et al. (2015), to further improve the thermal insulation (i.e., 

to further lower the thermal conductivity), besides a first insulation layer, does not provide considerate effects on 

indoor energy savings but worsens the environmental thermal stress [104].  

This is similar to one of our findings: that an initial increase in thermal conductivity (from 1 to 4 Wm-2K-1) provides 

a greater effect to reduce the heat released to the atmosphere, compared to a further increase in the thermal 

conductivity (from 4 to 8 Wm-2K-1, and from 8 to 12 Wm-2K-1). Hence, it is largely possible to obtain a compromise 

in the thermal conductivity modification between the performances of the environmental thermal stress and building 

energy consumption. Unlike the results for the roof, those shown in section 4.1.2 demonstrate that the thermodynamic 

behavior of most façades is not solely determined by the albedo, but the surface cooling abilities of modifying the 

thermal conductivity and heat capacity are secondary.  

As an exception for the NE façade, which receives the least solar radiation, a thermal conductivity modification 

plays the main role and is followed by modifying the heat capacity to reduce the emitted sensible heat flux. This can 

be more than twice that and obviously more than that owing to the albedo modification. An increase in thermal 

properties releases more sensible heat fluxes during the night; however, accounting for their larger mitigation effects 

during the daytime, their average daily sensible heat fluxes emitted to the atmosphere are reduced. To be more specific, 
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the daytime surface cooling effect of an albedo modification largely depends on the façade orientation [Fig. 7 (a)], 

and its ability to reduce the peak temperature for the same façade can be widely different owing to the peak formation 

[Fig. 7 (a) for the NE façade]. By contrast, the daytime surface cooling benefit of modifying the heat capacity and 

thermal conductivity do not significantly depend on the façade’s orientation.  

Similarly, in future studies, a wall modification by increasing its thermal conductivity also needs a discussion 

of the trade-off relation between the cooling effect for the surrounding atmosphere and the building cooling load. 

 

5.2 Effect of combined modification of thermal properties 

The results in section 4.2 reveal that increasing the heat capacity and thermal conductivity at the same time 

appears to enlarge their individual abilities to cool surfaces during the daytime, and remain close cooling effects to 

the control case for the daily average. However, the enlarging scales (130%–150% at noon) reveal variables among 

the various combined modification cases. This may be caused by the balance between the ability to conduct thermal 

energy and the heat storing ability of a building surface. The effects and risks of individually increasing the thermal 

conductivity were discussed above. However, appropriately increasing the thermal conductivity can be a powerful 

aid when enlarging the daytime cooling effect by increasing the heat capacity for building surface modification.  

As shown in Fig.10 (left), the combined effect of modifying both thermal conductivity and heat capacity can 

cause a compromise due to the warming effect of decreased thermal conductivity and the cooling effect of increased 

heat capacity in summer, and vice versa. However, as shown in Fig.10 (right), due to the opposite effect, a cooling 

effect, of the decreased thermal conductivity in winter, the accumulated cooling effects of the decreased thermal 

conductivity and increased heat capacity caused their combined effect as a compromise in summer disappeared. The 

main reason causes the large difference occurs in opposite seasons is due to the extra cooling/heating source in terms 

of the season provided by the air conditioning, and the larger air temperature difference along with the indoors and 

outdoors in winter. If there is no extra cooling/heating source, this large difference may not occur in the winter season 

because of the same heat diffusivity in two seasons. 

 

5.3 Impact of thermal properties on effect of high-albedo strategy 

The results in section 4.3 indicate that during the daytime, the surface cooling effect of a high-albedo strategy 

(lower scatters, Fig. 11) applied to roofs with various thermal properties is almost negatively correlated to the cooling 

ability of the thermal properties (upper scatters, Fig. 11). This is especially obvious around noon (Fig. 11), and implies 
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that applying a high-albedo strategy reduces more daytime heat to the atmosphere when the daytime cooling effect 

contributed by the thermal properties of the roof surface is lower. In other words, the daytime cooling effect of the 

combination of thermal properties appears to be higher when the albedo contributes less.  

Y. Yang et al. (2018) concluded that heavyweight roofs with higher λc applied to a high-albedo strategy reveal a higher 

mitigation than lightweight roofs with lower λc [105]. Our finding corresponds with Y. Yang et al.’s results, and we 

further explore this with a combination of thermal properties. The relatively balanced combination of thermal 

properties (e.g., M8-R, M7-R, and M6-R) shows a higher daytime cooling ability than the unbalanced ones (e.g., 

M10-R, M9-R, and M4-R). This also confirms that the combined cooling effect is crucially influenced by the balance 

condition to conduct thermal energy and heat storing ability, as discussed in section 4.2.  

On the other hand, the largest difference between the QH reductions among typical roof constructions (maximum: 

M1-R; minimum: M8-R) for the daytime, noon, and summer season are 26 W m-2, 66 W m-2, and 30 kWh m-2 y-1, 

respectively. According to Y. Yang et al. (2018), the difference can be much larger for a tropical climate, in which the 

maximum reduction of a cool surface applied on a higher-λc roof reaches about 500 W m-2 higher than the minimum 

one during 11:00–17:00 [105]. These can be regarded as possible errors when estimating the potential effects of 

applying a high-albedo strategy owing to the ignorance of the thermal properties. This may lead to a different decision 

regarding a solution for optimal UHI mitigation.  

For example, compared to the green roofs, the cool roofs with assumed U-values were verified by V. Costanzo 

et al. (2016) to be preferred when minimizing the released heat flux [15]. These results showed that the reductions in 

the summer by cool roof-1 (0.65 in reflectance) and cool roof-2 (0.8 in reflectance) were close and about 50 kWhm-

2y-1 higher than the performance of a green roof. The error caused by ignoring the influence of the U-values in their 

study may have significantly affected the results. The above comparative discussions highlight that the impact of the 

thermal properties on estimating the cooling effect of a high-albedo surface strategy cannot be ignored. An accurate 

effect estimation prior to decision-making among potential solutions will support the development of tailored 

solutions to minimize the UHI effect. 

 

5.4 Impact of thermal properties on sensitivity and error of SEB modeling 

The results in section 4.1 also reveal the sensitivity of the simulated Ts to the thermal properties. For the 

SOLENE model, the sensitivity to the albedo for walls is 1–2 K/0.1 (Δα) at noon during the summer [8]. As shown 

in Fig. 9, the sensitivity to albedo for the walls in our study, which appears to be lower, is up to 0.43 ºC/0.05 (Δα) 
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(1/12 of the civil engineering range) for the SW façade at 14:00, and much lower at 0.1 ºC/0.05 (Δα) for the NE-

façade peak value. The sensitivity to a Δλc of 1 Wm-2K-1 (1/11 of the civil engineering range) and a ΔCa of 50 

kJm-2K-1 (1/10 of the civil engineering range) are both close to 0.1 ºC, and the difference owing to the orientation is 

slight. This is close to the sensitivity to α for a shaded façade. In terms of the roof at 12:00 (Fig. 7), the sensitivity to 

λc and Ca is about 1/3 and 1/5 of that to α (1.5 ºC/0.05). To conclude, even when the simulated surface temperature is 

more sensitive to the albedo, its Ts sensitivity to the thermal properties is nonnegligible.  

The results in section 4.3 were used to estimate the error of the simulated QH caused by assuming and 

generalizing the thermal properties. The simulated QH released by typical roofs with albedos of 0.2 and 0.8 are shown 

at the left and right of Fig. 12, respectively. The proportion of the largest difference among high-albedo roofs is larger 

than that among the low-albedo cases, and can be used to estimate the largest error percentage. As the albedo increases, 

the solar irradiation absorbed by the surface decreases, resulting in a QH that is more sensitive to thermal properties.  

Two extreme scenarios were assumed: the assumed thermal properties agreed with the actual, and the opposite 

assumption (assuming B/M1-R for the actual B/M8-R) caused maximum errors of 18(67%), 44 (96%), and 90 W/m2 

(72%) for the daily, daytime, and noon observations, respectively (Table of Fig. 12).In addition, a more realistic 

scenario was assumed, i.e., the input thermal properties were generalized to be a typical combination from the 

database for the roof (section 2.4.1). Meanwhile, the actual properties were also from the database, with an equal 

amount of each typical combination. The maximum RMSE appears when a combination with an extreme QH is 

assumed (dashed line in Fig. 12), while the minimum appears with a median QH (dashed-dotted line in Fig. 12).  

Since the typical albedo range is 0.2–0.8, the RMSE ranges of low- and high-albedo cases can be regarded as 

those for SEB modeling caused by generalizing the thermal properties on a clear summer day for a temperate climate. 

As shown in the table of Fig. 12, the daily, daytime and noon RMSEs are 1.4–12.1 (6%–41%), 5.4–29.6 (7%–50%), 

and 10.7–57.6 W/m2 (7%–38%), respectively. It can be inferred that a larger error may appear for a wall because its 

QH is more sensitive to thermal properties, as discussed in section 3.1, especially for a façade receiving little solar 

radiation. These findings indicate that the selection of thermal properties for SEB modeling is key to the simulation 

quality and reliability [20] with a quantitative estimation. 
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Figure 12. Simulated QH by typical roof components with albedo of 0.2 (left) and 0.8 (right), and quantitative 

difference measures with assumed and generalized thermal properties in terms of error, error percentage, 

RMSE, and percent RMSE 

 

6. Summary 

A measurement-to-simulation comparison was carried out to validate an SEB-based model THERMORender. 

The results showed good agreement, especially for shadow-sunlight transitions. With an RMSE of 1.33 and an MAE 

of 1.09, this was allowed to be used in this chapter as a reliable model.  

A simulation was performed on a typical summer day in order to estimate the effects of thermal property 

modifications of urban surfaces (roofs and walls) on surface temperatures and emitted sensible heat fluxes to the 

atmosphere, compared with those of optical property modifications, and to explore their impact on the evaluation of 

a high-albedo strategy applied to a roof. 

The studied parameters input to the simulations were crucial in determining the practicality and objectiveness 

of the results. An important contribution was the appropriate selection of the input thermos-physical properties for 

surface materials, based on a database established here to characterize the regular thermal properties of commonly 

used surface materials for building walls and roofs in urban areas in Japan. The main findings are as follows:  

a) Compared to albedo modification, the effects of individual modifications of thermal properties were limited for 

the roof but nonnegligible for wall surfaces. For wall surfaces, the cooling effects of increasing thermal conductivity 
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and heat capacity within an civil engineering range were close to and above 50% of the effects of an increasing albedo 

of 0.3 during the daytime, respectively.  

b) The appropriate combined modification of thermal properties can enlarge the accumulated cooling effects of 

individual modifications. At noon, the cooling effect of the combined modification reached 30%–50% higher than 

that of the accumulated modifications. In the other hand, the combined modification of thermal properties can also 

reduce or even eliminate their single effects, which depends on how to modify the thermal properties. However, this 

combined effect would not be a compromise but an accumulated cooling or warming effect in the opposite season, 

and vice versa. 

c) Roof thermal properties should be considered when evaluating the cooling effect of high-albedo coatings applied 

to existing roofs. When cool coatings (increased albedo of 0.6) were applied to roofs with various typical 

combinations of thermal properties, the maximum reductions of the emitted sensible heat fluxes for the daily, daytime, 

and noon observations were 14 (15%), 26 (15%), and 76 W m-2 (23%) higher than the minimum ones, respectively. 

The above simulation results were used to estimate the sensitivity of the surface temperature to the thermal property 

and the error range of the simulated sensible heat flux to the atmosphere, which is determined by the assumption and 

generalization of the thermal properties for the roof surface. The main findings were obtained as follows: 

d) Even when the simulated temperature is more sensitive to the albedo, its sensitivities to the thermal properties are 

nonnegligible. For shaded façades, sensitivity to the thermal conductivity and heat capacity is close to the sensitivity 

of the albedo; meanwhile, they are up to about 1/3 and 1/5 of the sensitivity to the albedo for the roof, respectively. 

e) The significance of the error caused by the assumption depends on the difference between the assumed and actual 

thermal properties. In addition to the extreme scenarios of correct and opposite assumptions, the RMSE ranges of the 

predicted sensible heat fluxes caused by the generalization of the daily, daytime, and noon observations were 6%–

41%, 7%–50%, and 7%–38%, respectively. 

As a summary, first, the results of this chapter indicate that urban surface thermal properties are important to 

study urban surface-atmosphere heat exchange which error caused by their assumption and generalization cannot be 

ignored in SEB model-based simulations. It thus proves the importance to estimate actual thermal properties of 

building surfaces for SEB modeling. Second, the sensitivities of SEB-based simulated Ts to thermophysical 

properties are estimated and analyzed, providing quantitative supports for the further development of the estimation 

method: (a) determining the acceptable error for estimating albedo (0.03 as albedo error causing aΔTs of about 0.1 

ºC); (b) providing possible accordance to conduct clustering for typical combinations of thermal properties (1/4 and 
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1/3 of civil engineering range of λc and Ca causing aΔTs of 0.3 ºC, however, a finer clustering was conducted in 

Chapter 4 in order to explore the sensitivities of the developed estimation method). Third, the effect of emissivity 

within civil engineering range is negligible compared with other thermophysical properties (albedo, thermal 

conductivity, and heat capacity), supporting the assumption of emissivity in the estimation method developed in this 

thesis. Last but not the least, combination may compromise the effect of individual modification of λc and Ca, but 

this combined effect would not be a compromise but an accumulated cooling or warming effect in the opposite season, 

and vice versa, revealing the possible problem (two very different combinations of thermal properties showing similar 

performance on surface temperatures, which cannot be distinguished) and potential solution (to conduct measurement 

once more in opposite season) of the estimation method developed in this thesis. 
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CHAPTER 3: ESTIMATION ON TOTAL SHORTWAVE ALBEDO OF 

BUILDING SURFACES BASED ON MULTISPECTRAL REMOTE SENSING  

1. Introduction 

As introduced in Section 2.1 of Chapter 1 and further evaluated by simulated results (Fig.5 and 7) in Chapter 2, 

albedo could be a driving factor of the surface energy balance (SEB) [1,30], especially for the building surfaces 

receiving a high solar radiation. The first step to develop the estimation method on thermophysical properties of 

building surfaces in this thesis is to obtain the urban surface albedo.  

Albedo and reflectance can be obtained in situ using pyranometers and spectroradiometers[46–48]. Satellite 

remote sensing (RS) techniques have been widely applied for estimating land surface albedo[40–42]. However, while 

studying the urban microclimate at local and neighborhood scales, in-situ “point” measurements and satellite RS have 

their limitations. The former is time-consuming, labor-intensive, provides limited points of each surface, and cannot 

easily access certain surfaces (e.g., roofs), whereas the spatial resolution of the latter is not sufficient (e.g. even with 

Sentinel 2, which has a 10 m spatial resolution[25,26], small structures show mixed pixels[27]). A few studies have 

contributed in filling a gap between ground measurements and satellite RS by airborne (e.g., aircraft and airships) 

RS, such as the study on the high spatial- and spectral-resolution hyperspectral airborne data to estimate broadband 

albedo[106]. However, airborne RS requires high labor and financial cost[28], and there is a lack of vertical surface 

data[29]. Rapid development of unmanned aerial vehicles (UAVs) equipped with spectral cameras has enabled 

obtaining both horizontal and vertical urban surface albedo with fine spatial resolution to further bridge the gap 

between in-situ and spaceborne/airborne observations. Few studies recently applied UAV-based hyperspectral RS to 

retrieve land surface albedo[107]. Satellite and airborne hyperspectral RSs with sophisticated sensors like Airborne 

Hyperspectral Scanner (AHS) are applied in a broad range of fields like agriculture and forestry[108], but the UAV-

hyperspectral RS is in its early stages and is yet to become widespread due to its high cost (>100,000 USD) and 

operational issues (limited flight duration due to the heavy weight and battery performance, and geometric correction) 

[109]. Although consumer-grade digital cameras are inexpensive and easy-to-operate, they are inadequate for 

accurately estimating the total shortwave (SW) albedo due to the lack of near infrared (NIR) bands[27,110]. 

Compared to the UAV-hyperspectral- and consumer-grade digital camera, a multispectral camera is relatively 

inexpensive, robust, and widely used, thus achieving an applicability–cost balance[110]. Multispectral images 

provide the surface reflectance at limited bands with narrow-wavelength bandwidths in each pixel and depend on the 
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spectral responses of camera channels (e.g., 5 bands for a RedEdge camera). However, monitoring surface energy 

budget and modeling their efforts require broadband albedos[111], such as the total SW albedo that is crucial to SEB 

modeling[20,112]. Therefore, estimating broadband albedo from narrowband spectral reflectance at the sensor 

viewing angle is critical, and requires three processes in general[27,113,114]: (1) radiometric calibration converting 

digital numbers to surface directional reflectance, accounting for atmospheric and solar conditions as well as sensor 

noise (response of the photo-sensitive items is included), (2) surface bidirectional reflectance distribution function 

(BRDF) modeling to convert surface directional albedo at the viewing angle into hemispheric albedo, and (3) narrow-

to-broadband (NTB) conversion of albedo. Though it is ideal to conduct the BRDF modeling[115,116], it requires 

measurements at multiple illuminations and multi-angular observations, involving elaborate preparation and post-

processing[116–118]. The study of Nakaohkubo et al. (2008)[119] has demonstrated that the reflections of many 

materials commonly used for the building surface, including wooden slat, sand tile, asphalt, ceramic siding, cement 

board (flat/textured surface), and granite polished by burner, are near isotropic when incident angle of illumination 

is not very large. It is unnecessary to adopt the BRDF modeling for heterogeneous surfaces[26,27], and it is common 

to assume the target surface as Lambertian and that the reflectance is near isotropic from different viewing and 

solar/illumination angles[27,120]. Hence, in this paper, we focused on the third process, NTB conversion, following 

the same assumptions as those for isotropic reflection. 

The models for NTB conversions for spaceborne sensors have been widely proposed and improved over the 

years, such as the Advanced Very High Resolution Radiometer (AVHRR)[41,121–123], Advanced Spaceborne 

Thermal Emission and Reflection Radiometer (ASTER)[41], Landsat-7 Enhanced Thematic Mapper Plus 

(ETM+)[41], Moderate Resolution Imaging Spectroradiometer (MODIS)[41,115,124,125], Sentinel-2A[26,126], 

and Visible Infrared Imaging Radiometer Suite (VIIRS)[124,127,128]. Liang explored the easy-to-use NTB model 

for universal application over different surface cover types for common sensors by regressing the conversion 

coefficients based on extensive radiative transfer simulations and spectral reflectance database[41,113]. A further 

conversion, proposed by Tasumi et al. [125], utilized a physics-based approach to integrate narrowband reflectance 

viewed at nadir with weighting coefficients representing the solar radiation fraction within each sensor spectral band. 

Recently, a few studies retrieved broadband albedo from Sentinel-2 Multispectral Instrument (MSI) bands with a 10 

m pixel size using the same coefficients as those for ETM+ proposed by Liang[41], whereas Li et al. [126] calculated 

the NTB coefficients for Sentinel-2 MSI based on Liang[41]’s regression strategy. Bonafoni et al. [26] compared the 

model using Li et al. [126]’s coefficients and the one based on Tasumi et al [125].’s physics-based strategy.  
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UAV-based RS has been studied only recently as an alternative to estimate albedo [27,120]. Cao et al. [27] 

directly adopted Landsat 8 NTB coefficients, as provided by Wang et al.[115], using a consumer-grade digital camera 

on board a UAV. Appropriate NTB conversion models are needed for UAV-based multispectral cameras as directly 

adopting existing NTB coefficients would be difficult due to the different bandwidths and central wavelengths of the 

sensor channels (Fig.1), and the existing models developed for satellite/high-altitude observation and large 

homogeneous rural/vegetated/snow zones may not be suitable for local and neighborhood scales and to the urban 

complex texture. Meanwhile, an advantage of UAV-based observation is the capture of vertical surface data, which 

brings more uncertainty in adopting the existing models developed solely for horizontal surfaces. 

The aim of this chapter was to obtain NTB conversion models for UAV/ground-based multispectral cameras 

and urban surfaces. Based on the measured spectral reflectances of urban surfaces and simulated at-surface solar 

spectral irradiances under various conditions (season, solar zenith angle, and horizontal/vertical surface), we 

simulated datasets of extensive spectral albedos of urban surfaces. Based on the built datasets of various at-surface 

solar irradiances and spectral albedos, we developed three NTB conversion models following published 

methodologies (Model_reg following Liang[41], Model_phy following Tasumi et al.[125], and Model_phy_reg as 

an improvement of Model_phy) for three common UAV-based multispectral cameras for urban surfaces, and 

evaluated their performance as well as the camera capacity to estimate broadband albedo. In addition, the models’ 

sensitivities to the solar conditions (season, solar zenith angle, and horizontal/vertical surface) and the surface 

material class were analyzed. These models were also validated using independent sample surfaces covered by 

different construction materials.  

 

Figure 1. Spectral bands of commonly used spaceborne and UAV-based multispectral sensors/cameras. 
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2. Materials and Methods  

2.1. Study cameras and urban surface materials 

As shown in the lower part of Fig.1, UAV-based multispectral sensors can be categorized based on their 

bandwidths[110]: one with narrow spectrum range, such as the Mini-MCA6 (Tetracam Inc., Chatworth, CA, USA) 

with narrow bandwidths (bands 1–5 are 10 nm, band 6 is 20 nm), and the other with a wider spectrum range, such as 

the ADC Micro (Tetracam Inc., Chatworth, CA, USA) with a minimum bandwidth of 60 nm. The Mini-MCA6 has 

twice the number of bands as that of ADC Micro. Their typical characteristics are representatives of commonly used 

UAV-based cameras. In addition, the RedEdge (Rededge-M, MicaSense Inc., USA), which has a median band 

number and bandwidth between Mini-MCA6 and ADC Micro, was also studied.  

ADC-Micro, Mini-MCA6, and RedEdge were thus selected for the study. Their bands, spectral ranges, and other 

main parameters are shown in Table 1. 

Table 1. Main parameters of studied multispectral cameras. 

Sensor 

Blue 

band/B 

 (nm) 

Green 

band/G 

 (nm) 

Red 

band/R 

 (nm) 

Red- 

Edge 

band/RE 

 (nm) 

NIR 

band 

/NIR1 

(nm) 

NIR 

band 

/NIR2 

(nm) 

Resolution 

(pixels) 

/Weight 

(g) 

ADC 

Micro 
- 520–600 630–690 - 760–900 - 

2018*1536/ 

200 

Mini-

MCA6 
485–495 545–555 675–685 715–725 795–805 890–910 

1280*1024/ 

700 

RedEdge 465–485 550–570 663–673 712–722 820–860 - 
1280*960/ 

150 

Concrete, asphalt, tile, wall coating, stone, brick, and wooden slat were selected as these are the commonly used 

building materials for urban surfaces in Japan[11,129]. 

2.2. Technical process 

The technical process is shown in Fig.2, which also provides a workflow of developing the NTB conversion 

formulae and the steps for estimating broadband albedo through UAV-based multispectral imagery. The crucial step 

is building sample groups to develop conversion formulae and validate their applicability. This requires datasets of 

various spectral reflectance and at-surface solar spectral irradiance, as both narrowband and broadband albedos are 

not the sole measures of physical properties (e.g., absolute reflectance), but also depend on the atmospheric conditions 
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through the at-surface solar fluxes, influencing the NTB conversion’s weighting function. Therefore, we measured 

spectral reflectance of various urban surfaces using a spectroradiometer from a nadir position (section 2.3.1 for details) 

and simulated the at-surface solar spectral irradiances under various conditions (section 2.4.1). Based on the obtained 

solar irradiance and spectral reflectances, the broadband and narrowband albedos were calculated (section 2.4.1 and 

2.4.2) and segregated in two sample groups. Sample_D, composed of 2424 samples from 101 urban surfaces and 24 

at-surface solar spectral irradiances (season, solar zenith angle, and horizontal/vertical surface), was used to develop 

three conversion models for each camera based on the published conversion strategies. Sample_V included 23 

independent urban surfaces and was used to validate the conversion models. Meanwhile, in order to validate the 

models’ applicability to UAV-based multispectral imagery, the narrowband and broadband albedos of Sample_V 

were also derived from a RedEdge camera (section 2.3.2 and 2.4.3) and the conversion models (developed in section 

3.3). The reason why not solely use the multispectral data for validating the models was to avoid the possible 

errors/biases caused by multispectral RS images (e.g., camera (radiometric aberration and camera setting), platform 

(whether the camera is pointing nadir and at the target), and the environment (sky, wind, and illumination 

conditions)[130]). The in-situ measurement, radiative transfer simulation, and related calculations are described in 

the following sections. 

Figure 2. Technical process used to develop conversion models and to validate their applicability. 
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2.3. In-situ measurement and ground-based remote sensing 

2.3.1. In-situ measurement of spectral reflectance 

If the surface is tough without dominating three-dimensional structures and assumed to be Lambertian, the nadir-

viewing reflectances are numerically equal to the spectral albedos[26,41,113,131]. The spectral reflectances of target 

surfaces were measured at nadir using a spectroradiometer (ASD FieldSpec4, ASD Inc., USA) under an artificial 

illumination and were adopted as spectral albedos. The ASD FieldSpec4 detects light continuously over the visible 

(VIS) and near-infrared (VNIR) to short-wave infrared (SWIR) wavelengths with a 25° field of view (FOV) and a 

spectral resolution of 3 nm at VNIR (350–1000 nm in wavelength) using a silicon detector, and 10 nm for two sets 

of SWIR bands, ranging from 1001–1800 nm and 1801–2500 nm, using a detector made of thermoelectric-cooled 

indium gallium arsenide (InGaAs). We conducted the measurements under an artificial illumination provided by an 

ASD Contact Probe (ASD Inc., USA) to reduce errors associated with stray light, allowing our measurements to be 

carried out at any time of the day. 

The target surfaces comprised of 22 concrete, 22 stone, 16 tile, 14 brick, 20 surface coating, 14 asphalt, and 16 

wooden slat coverings. Among them, 19 concrete, 19 stone, 13 tile, 11 brick, 15 surface coating, 11 asphalt, and 13 

wooden slat surface specimens formed Sample_D as shown in Fig.3, and were measured in the central Nagoya city, 

Japan (Lat./Lon.: 35° 10’ 26’’ N/136° 54’ 28’’ E) in October, 2012. The other samples formed Sample_V, and were 

measured in a university campus in Yokohama city, Japan (Lat./Lon.: 35° 30’ 45’’ N/139° 29’ 04’’ E) during 

January–February, 2020. The mean spectral reflectance of the surface specimens within each material class for 

Sample_D was calculated as the typical spectral reflectance within each material class and is represented by black 

curves in Fig.3. We also measured spectral reflectance for a grey reference panel (RP, approximately 49% reflectivity, 

MicaSense Inc., USA) for calibrating the multispectral images. 
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Figure 3. Spectral reflectances of urban surface specimens and the typical spectral reflectance within a single 

construction material class. 

Fig.3 reveals that the spectral reflectance showed similar spectral variation within a single class, mainly due to 

similar chemical/mineralogical constituents. For example, concrete is composed of silica, carbonates, and a few other 

minerals. However, its spectral radiative response is dominantly driven by siliceous and calcareous minerals. As 

shown in Fig.3, regardless of the higher or lower reflectance in general, all SW spectra of the concrete class revealed 

an increase in reflectance up to 600 nm and a strong absorption at around 1950 nm. The latter indicates that H2O is 

related to the absorption of the gypsum component, corresponding to Kotthaus et al.’s finding[132]. Asphalt is often 

used for road surfaces and comprises various natural bitumen composed of solid or semi-solid hydrocarbon mixtures, 

causing an increasing reflectance with longer wavelengths[133] (Fig.3). As shown in Fig.3, most tiles, which usually 

consist of clay-based ceramics, showed an increasing reflectance up to around 600/800 nm and absorption at around 

1950 nm. As compared to the spectral reflectance of a single material class[132], most construction material classes 

showed similar spectral variation. However, certain spectral reflectance of the brick and tile in [132] showed different 

spectral features. These exceptions, mainly composed of concrete/cement, which exhibited similar spectral features 

as those of concrete. Thus, their spectral variation could additionally be captured by our NTB conversion models. 

2.3.2. Ground-based multispectral remote sensing 

Although we aimed to estimate broadband albedo using the UAV-base multispectral camera, as a first step, we 

used a handheld RedEdge camera and observed from the ground-level during the solar noon (11:00–15:00) of 

February 12–15, 2020 in the campus at Yokohama City, Japan. The experience of ground-based multispectral RS 
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and developed workflow formed the foundation for the next step, the UAV-mounted observation. The camera was 

placed around 1 m just above the horizontal surface or far from the vertical surface, with the same orientation with 

respect to the sun as the target surface. In the meantime, the multispectral images of the RP were taken. Notably, RP 

was placed at the same position and orientation as the target surface to guarantee similar solar and observation angles 

and the illumination received as the target surface. 

 

2.4. Calculation of broadband and narrowband albedos 

2.4.1. Calculation of total shortwave albedo (broadband albedos) 

The total SW wavelength range was selected as 350–2500 nm. This covered almost all the solar radiation at 

surface as the downward fluxes beyond this range were negligible. Based on the spectral albedo, the total SW albedos 

(𝛼𝑆𝑊) can be calculated by integrating the spectral reflectance (𝜌) and multiplying the spectral irradiance of solar 

radiation (𝑅𝑠) with the wavelength (λ𝑖) within the SW range. 

𝛼𝑆𝑊 = ∫ 𝜌(λ𝑖) 𝑅𝑠(λ𝑖) 𝑑𝜆
2500

350

∫ 𝑅𝑠(λ𝑖) 𝑑𝜆
2500

350

⁄  (1) 

The Simple Model of Atmospheric Radiative Transfer of Sunshine software (SMARTS 2.9.5, National 

Renewable Energy Laboratory, US) offers fast and accurate predictions on how the distribution of solar power for 

each wavelength of light traveling from the sun is modified by atmospheric changes[134,135]. Users can construct 

text files with dozens of lines of text and numbers to specify input atmospheric conditions and to output simulated 

cloud-free spectral irradiances, including direct beam, hemispherical diffuse, circumsolar, and total on a 

tilted/horizontal receiver surface. The SMARTS model has been widely applied over a large number of scientific and 

technologic disciplines[136], and its performance was validated with typical differences within 2% when compared 

to the sophisticated models (MODTRAN, SBDART, COART, and LibRadtran), and mostly within 5% as the 

instrumental uncertainty when compared to spectroradiometric measurements[137,138]. Therefore, we used the 

SMARTS model to simulate cloud-free solar spectral irradiance at the target surfaces. The simulation for Sample_D 

was conducted by keeping the study site location and suggested UAV-based RS conditions (clear-sky and near solar 

noon (late noon for vertical surfaces)) fixed, while the season, solar zenith angle (SZA), and horizontal/vertical urban 

surface were varied (Table 2). As the rough surfaces like soils showed almost no changing values of albedo at SZAs 

lower than 75°[139], UAV-based RS is suggested in late solar noon for the vertical surface rather than the noon to 
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avoid the high incident angle (> 75°) of the illumination with respect to vertical surfaces, which would not bring 

much error caused by the Lambertian assumption. The study site is located at 35° 30’ 45’’ N and 139° 29’ 04’’ E, 

where the SZA near summer noon (11:00–14:00) ranges between 0°–30° and is close to 40° for late noon (14:00–

15:00). The winter near-noon (11:00–14:00) SZA is approximately 40°–70°, and 70°–80° around 15:00. The 

reference atmosphere for simulating was either mid-latitude winter or summer standard atmosphere with 

corresponding conditions (Table 2).  

Table 2. The conditions used while simulating solar spectral irradiances. 

Case 

Horizontal/ 

vertical 

surface 

Season 

Solar 

zenith 

angle  

Surface 

azimuth 

(°) 

Case 

Horizontal 

/vertical 

surface 

Season 

Solar 

zenith 

angle 

Surface 

azimuth 

Rs_1 Horizontal Winter 40° - Rs_13 Vertical Winter 70° 50° 

Rs_2 Horizontal Winter 50° - Rs_14 Vertical Winter 70° 140° 

Rs_3 Horizontal Winter 70° - Rs_15 Vertical Winter 70° 230° 

Rs_4 Horizontal Winter 80° - Rs_16 Vertical Winter 70° 320° 

Rs_5 Horizontal Summer 0° - Rs_17 Vertical Summer 30° 50° 

Rs_6 Horizontal Summer 10° - Rs_18 Vertical Summer 30° 140° 

Rs_7 Horizontal Summer 20° - Rs_19 Vertical Summer 30° 230° 

Rs_8 Horizontal Summer 30° - Rs_20 Vertical Summer 30° 320° 

Rs_9 Vertical Winter 50° 50° Rs_21 Vertical Summer 40° 50° 

Rs_10 Vertical Winter 50° 140° Rs_22 Vertical Summer 40° 140° 

Rs_11 Vertical Winter 50° 230° Rs_23 Vertical Summer 40° 230° 

Rs_12 Vertical Winter 50° 320° Rs_24 Vertical Summer 40° 320° 

The simulation input for Sample_V accounted for the ground-based RS dates (February 12–15, 2020) and 

duration (11:00–14:00), and the mid-latitude winter standard atmosphere was selected as the reference atmosphere, 

the SZA was set at 50°, and the surface tilt angle and azimuth were set according to the actual conditions (Table 3). 

Table 3. Samples used for validation. 

Sample 
Horizontal/Vertical 

surface 

Surface  

azimuth 
Sample 

Horizontal/Vertical 

surface 

Surface  

azimuth  

Concrete_1 Vertical 50° coating_1 Horizontal - 

Concrete_2 Horizontal - coating_2 Horizontal - 

Concrete_3 Vertical 230° coating_3 Vertical 140° 

Stone_2 Horizontal - coating_4 Vertical 140° 

Stone_1 Horizontal - coating_5 Vertical 320° 
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Stone_3 Horizontal - Asphalt_1 Horizontal - 

Tile_1 Vertical 50° Asphalt_2 Horizontal - 

Tile_2 Vertical 230° Asphalt_3 Horizontal - 

Tile_3 Vertical 140° Woodenslabs_1 Horizontal - 

Brick_1 Horizontal - Woodenslabs_2 Horizontal - 

Brick_2 Horizontal - Woodenslabs_3 Horizontal - 

Brick_3 Horizontal -    

2.4.2. Calculation of narrowband albedo based on spectral reflectance 

The simulated solar irradiances and the measured spectral reflectances were normalized to have a 1 nm spectral 

resolution. The Nth narrowband albedo can be calculated by integrating spectral reflectances and solar spectral 

irradiance within the band spectral range corresponding to the ones captured by the study sensors, as shown in Eq. 

(2). 

𝛼𝑁 = ∫ 𝜌(λ𝑖)𝑅(λ𝑖) 𝑑𝜆
b_N

a_N
∫ 𝑅(λ𝑖) 𝑑𝜆

b_N

a_N
⁄   (2) 

where 𝛼𝑁 is narrowband albedo of the target surface, 𝜌(λ𝑖) and 𝑅(λ𝑖) are the surface spectral reflectance and 

at-surface solar spectral irradiance at wavelength λ𝑖 (nm), respectively, and a_N and b_N are the lower- and upper- 

wavelength limits, respectively, corresponding to band N. For example, the RedEdge camera can capture narrowband 

albedos of five bands; band wavelengths are shown in Table 1 as 465–485 (Blue), 550–570 (Green), 663–673 (Red), 

712–722 (Red-Edge), and 820–860 (NIR). These band wavelength limits were input into Eq. (2) to calculate the 

narrowband albedos. 

2.4.3. Calibration of multi-spectral images to convert raw pixel values to albedo 

RedEdge images were processed in Python3, OpenCV, numpy, matplotlib, and the standalone exiftool, and 

manipulated using Python wrapper, following the RedEdge user manual[140]. Optical and natural vignette, exposure, 

and row correction were conducted to convert raw pixel values to radiances. The calibration formula for calculating  

the spectral radiance (L, W/m2/sr/nm) for the ith band is described in Eq. (3). The pixel and black level value 

were normalized by dividing their raw digital number by 2𝑁, where N is the number of image bits (e.g., 2𝑁=65536 

for 16-bit images). 

𝐿𝑖(𝑥, 𝑦) = 𝑉𝑖(𝑥, 𝑦)
𝑎1,𝑖

𝑔𝑖

𝑃𝑖(𝑥,𝑦)−𝑃𝐵𝐿,𝑖

𝑡𝑒,𝑖+𝑎2,𝑖𝑦−𝑎3,𝑖𝑡𝑒,𝑖𝑦
    (3) 
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where 𝑉𝑖(𝑥, 𝑦) is the vignette polynomial function for pixel location (𝑥, 𝑦), 𝑎1,𝑖, 𝑎2,𝑖, and 𝑎3,𝑖 are radiometric 

calibration coefficients, 𝑃𝑖(𝑥, 𝑦) is the normalized raw pixel value for pixel location (𝑥, 𝑦), 𝑃𝐵𝐿,𝑖 is the normalized 

dark level value, 𝑔𝑖 is the sensor gain, 𝑡𝑒,𝑖 is the image exposure time [s], and x and y are the pixel column and row 

number, respectively. The 𝑉𝑖(𝑥, 𝑦) can be described as: 

𝑉(𝑥, 𝑦) = 1 (1 + 𝑘0,𝑖𝑟𝑖 + 𝑘1,𝑖𝑟𝑖
2⁄ + 𝑘2,𝑖𝑟𝑖

3 + 𝑘3,𝑖𝑟𝑖
4 + 𝑘4,𝑖𝑟𝑖

5 + 𝑘5,𝑖𝑟𝑖
6)      (4) 

where 𝑘0,𝑖  through 𝑘5,𝑖 represent polynomial correction coefficients and 𝑟𝑖  is the distance of the pixel (𝑥, 𝑦) to 

the vignette centers, estimated using: 

𝑟𝑖 = √(𝑥 − 𝑐𝑥,𝑖)2 + (𝑦 − 𝑐𝑦,𝑖)2          (5) 

where 𝑐𝑥,𝑖 and 𝑐𝑦,𝑖 are the coordinates of vignette center for the ith band. The 𝐿𝑖(𝑥, 𝑦) can be calculated using 

Eqs. (3)–(5). 

Different from the absolute reflectance retrieval given by RedEdge user manual, we conducted a radiance-to-

directional reflectance conversion by calculating its calibration factor using the multispectral image of RP (Section 

2.3.2) with known spectral reflectances (Section 2.3.1). After being converted into radiance using Eqs. (3)–(5), the 

RP directional reflectance in each band was calculated following Eq. (2) with band spectral ranges as input and 

simulated close-to-actual solar irradiance on RP (Section 2.4.1). The radiance-to-directional reflectance factor for the 

band i (𝐹𝑖) is estimated as:  

𝐹𝑖 = 𝜌𝛺𝑖 𝑎𝑣𝑔(𝐿𝛼,𝑖(𝑥1 − 𝑥2, 𝑦1 − 𝑦2))⁄           (6) 

where 𝜌𝛺𝑖  is the directional reflectance and 𝑎𝑣𝑔(𝐿𝑝,𝑖(𝑥1 − 𝑥2, 𝑦1 − 𝑦2)) is the average radiance of the 

pixels inside the RP, (𝑥1 − 𝑥2, 𝑦1 − 𝑦2), for band i.  

Multiplying the factor Fi converts all radiance values into the surface directional reflectance including the 

calibration of the spectral response of the camera channel for the i-th band. As the selected urban surfaces are quite 

rough, homogeneous, without dominating 3D structures, and the multispectral RS was conducted near midday (late 

midday for vertical surfaces) ensuring a relatively large solar elevation angle, we assumed them as approximately 

Lambertian surfaces. Their directional reflectances were thus numerically equal to the surface albedos. This process 

can be applied to each of the five bands individually.  

 



55 
 

2.5. Variable selection for the sensitivity analysis 

Broadband albedo also depends on the solar conditions through downward fluxes influencing the weighting 

function of the NTB conversion. Gul et al. showed that the variation in albedo with changing cloud conditions 

(overcast, partly cloudy, and clear) for sand, cement slabs, and white tiles was less than 0.05 [141]. Liang et al. 

concluded that the broadband albedos are relatively stable unless the SZA is extremely large [41], and the asphalt 

surface albedo is not prone to solar elevation [113]. Considering the suggested near-solar noon time and clear skies 

for UAV-based RS, we did not investigate the developed conversion models’ sensitivity to overcast skies, but 

analyzed their dependency to SZAs, the ranges for which were calculated for solar noon (late noon for vertical surface) 

in winter or summer. Accounting for the fine spatial resolution and accessibility to measure the vertical surface of 

UAV-based RS, the models’ sensitivity to the construction material class and its applicability to the vertical surface 

albedo were also investigated. Therefore, season, SZA, horizontal/ vertical surface, and construction material class 

were selected to analyze model sensitivity. 

3. Model development  

3.1. Conversion model 

The NTB conversion models for Sample_D followed published algorithms (Liang’s [41] and Tasumi et al.’s 

[125]) to estimate the total SW albedo for ADC Micro, Mini-MCA6, and RedEdge.  

3.1.1. Model by applying regression-based strategy (Liang’s) 

Using spectral reflectance database and radiative transfer simulations, Liang [41] investigated the coefficients 

for NTB conversion for typical spaceborne sensors using regressions derived from extensive sampling under various 

atmospheric and surface covers. The conversion models following Liang’s strategy were established by the linear 

regression using the Least Squares Method named ”Model_reg”, and are shown in Eqs. (7)–(9).  

• ADC Micro: 

𝛼_𝑀𝑖𝑐_𝑟𝑒𝑔 = 0.7028𝐺 − 0.4155𝑅 +0.6222𝑁𝐼𝑅 + 0.009           (7) 

• Mini-MCA6: 

𝛼_𝑀𝐶𝐴6_𝑟𝑒𝑔 = 0.3668𝐵 − 0.0449𝐺 + 0.2183𝑅 +0.2105𝑅𝐸 − 0.5914𝑁𝐼𝑅1 + 0.7708𝑁𝐼𝑅2 + 0.0075 (8) 
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• RedEdge:  

𝛼_𝑅𝑒𝑑𝐸_𝑟𝑒𝑔 = 0.3973𝐵 − 0.0102𝐺 + 0.0454𝑅 −0.1017𝑅𝐸 + 0.6116𝑁𝐼𝑅 + 0.0075         (9) 

3.1.2. Model by applying physics-based strategy (Tasumi et al.) 

The other easy-to-use conversion models follow Tasumi et al.’s strategy[125] used for Landsat and MODIS data 

under cloud- and snow-free, low-haze conditions, and sensor viewing angles not more than 20°. For each study 

camera, the broadband albedo of target surface was estimated by integrating narrowband albedos across the SW 

spectrum as below. 

𝛼 = ∑ 𝛼_𝑁 𝑤_𝑁         (10) 

where 𝛼_𝑁 is the albedo for Nth band and 𝑤_𝑁 is the weighting coefficient, estimated as: 

𝑤_𝑁 = ∫ 𝑅(λ𝑖) 𝑑𝜆
b_N

a_N
∫ 𝑅(λ𝑖) 𝑑𝜆

2500

350
⁄         (11) 

where 𝑅(λ𝑖) is the at-surface solar irradiance at wavelength λ𝑖 (nm) and a_N and b_N denote the waveband 

range of band N. The conversion models following Tasumi et al.[125] are named ”Model_phy”, assuming that 

reflectances in the missing wavelength regions are estimated by linear interpolation of adjacent bands’ albedos. The 

weighting coefficients listed in Table 4 are based on the simulated 24 at-surface solar irradiances (Table 2) and 

spectral ranges of camera channels (Table 1).  

Table 4. Physical weighting coefficients for sensors and solar irradiance (Rs_i). 

Sensor ADC Micro Mini-MCA6 RedEdge 

Variab

le* 
0.9141 0.9193 0.9282 

Chann

el 
G R NIR B G R RE NIR1 NIR2 B G R RE NIR 

Rs_1 0.3632 0.1462 0.4950 0.2197 0.1440 0.1208 0.0697 0.0892 0.3695 0.2157 0.1510 0.1076 0.0904 0.4459 

Rs_2 0.3571 0.1472 0.4999 0.2153 0.1430 0.1207 0.0704 0.0912 0.3722 0.2113 0.1497 0.1077 0.0917 0.4503 

Rs_3 0.3382 0.1477 0.5180 0.2039 0.1375 0.1185 0.0724 0.0964 0.3843 0.2000 0.1433 0.1059 0.0948 0.4668 

Rs_4 0.3225 0.1438 0.5372 0.1998 0.1280 0.1121 0.0737 0.1012 0.3982 0.1957 0.1330 0.1003 0.0967 0.4847 

Rs_5 0.3850 0.1515 0.4682 0.2333 0.1519 0.1265 0.0702 0.0907 0.3405 0.2291 0.1595 0.1127 0.0915 0.4184 

Rs_6 0.3843 0.1515 0.4689 0.2329 0.1517 0.1264 0.0702 0.0907 0.3412 0.2287 0.1593 0.1126 0.0914 0.4191 

Rs_7 0.3839 0.1517 0.4690 0.2325 0.1518 0.1266 0.0703 0.0909 0.3410 0.2283 0.1594 0.1127 0.0916 0.4191 

Rs_8 0.3830 0.1522 0.4694 0.2317 0.1519 0.1268 0.0704 0.0914 0.3409 0.2275 0.1594 0.1130 0.0919 0.4194 
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Rs_9 0.6459 0.1233 0.2345 0.4828 0.1603 0.1100 0.0519 0.0598 0.1477 0.4741 0.1744 0.0963 0.0672 0.1992 

Rs_10 0.3516 0.1503 0.5024 0.2068 0.1458 0.1236 0.0716 0.0923 0.3729 0.2030 0.1526 0.1102 0.0932 0.4520 

Rs_11 0.3345 0.1513 0.5186 0.1914 0.1443 0.1238 0.0726 0.0941 0.3868 0.1878 0.1506 0.1106 0.0945 0.4674 

Rs_12 0.6328 0.1283 0.2427 0.4654 0.1643 0.1145 0.0540 0.0621 0.1525 0.4570 0.1782 0.1003 0.0698 0.2060 

Rs_13 0.6124 0.1301 0.2612 0.4518 0.1598 0.1127 0.0573 0.0670 0.1644 0.4431 0.1731 0.0990 0.0742 0.2221 

Rs_14 0.2918 0.1541 0.5581 0.1578 0.1375 0.1227 0.0762 0.1022 0.4168 0.1548 0.1423 0.1099 0.0997 0.5042 

Rs_15 0.2764 0.1544 0.5732 0.1448 0.1355 0.1224 0.0768 0.1037 0.4301 0.1420 0.1398 0.1097 0.1006 0.5187 

Rs_16 0.5997 0.1347 0.2695 0.4357 0.1631 0.1166 0.0593 0.0693 0.1694 0.4272 0.1762 0.1025 0.0767 0.2290 

Rs_17 0.6675 0.1247 0.2116 0.4953 0.1680 0.1143 0.0493 0.0573 0.1283 0.4867 0.1827 0.0997 0.0643 0.1778 

Rs_18 0.6504 0.1321 0.2216 0.4714 0.1743 0.1210 0.0521 0.0605 0.1336 0.4632 0.1889 0.1056 0.0680 0.1859 

Rs_19 0.3977 0.1523 0.4546 0.2426 0.1551 0.1280 0.0698 0.0897 0.3282 0.2382 0.1631 0.1139 0.0909 0.4052 

Rs_20 0.5086 0.1439 0.3519 0.3422 0.1641 0.1254 0.0622 0.0770 0.2422 0.3362 0.1750 0.1107 0.0811 0.3085 

Rs_21 0.6709 0.1232 0.2097 0.5006 0.1664 0.1127 0.0489 0.0569 0.1270 0.4918 0.1812 0.0982 0.0638 0.1762 

Rs_22 0.6478 0.1331 0.2233 0.4685 0.1747 0.1217 0.0527 0.0612 0.1343 0.4602 0.1893 0.1063 0.0687 0.1872 

Rs_23 0.3800 0.1544 0.4703 0.2261 0.1542 0.1289 0.0712 0.0921 0.3407 0.2220 0.1617 0.1149 0.0928 0.4199 

Rs_24 0.4766 0.1472 0.3807 0.3128 0.1622 0.1269 0.0646 0.0811 0.2656 0.3072 0.1723 0.1122 0.0843 0.3354 

Variable*: the value used to multiply the weighting coefficients for each camera in Model_phy_reg. 

3.1.3. Conversion formulae by improving physically based methodology 

After verifying the accuracy of Model_phy, we found that the estimated results were linearly correlated to the 

measured results, though the difference increased as the albedos increased (see Section 3.2 and Fig.4). To improve 

accuracy, we multiplied the weighting coefficients for each camera with a value of approximately 0.9 (second row 

of Table 4), calculated by the linear regressions without intercepts, and developed an improved model named” 

Model_phy_reg”. 

3.2. Performance evaluation 

We used the SW albedos calculated by the measured spectral reflectance and simulated solar irradiance (Section 

2.4.1) to evaluate the models developed (Fig.4) for the three cameras, with the measures of R-square (R2), Root Mean 

Square Error (RMSE), Residual Standard Error (RSE), and Mean Bias Error (MBE) (Table 5). 
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Figure 4. ASD measurement-based simulated total SW albedo (horizontal axis) and estimated values 

(vertical axis) retrieved by narrowband albedos of ADC Micro (first column), MCA6 (second column), 

and RedEdge (third column) applying Model_reg (first row), Model_phy (second row), and 

Model_phy_reg (third row). 
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Table 5. Measures of R2, RMSE, RSE, and MBE. 

  R2 RMSE RSE MBE 

Regression-

based 

(Model_reg)  

ADC Micro  0.9796 0.0227 0.0227 7.42691E−16 

Mini-MCA6 0.9827 0.0209 0.0209 4.29695E−16 

RedEdge  0.9805 0.0222 0.0222 5.70368E−16 

Physically based 

(Model_phy) 

ADC Micro  0.9568 0.0330 0.0330 0.0189 

Mini-MCA6 0.9673 0.0287 0.0287 0.0182 

RedEdge  0.9700 0.0275 0.0275 0.0152 

Improved 

physically based 

(Model_phy_reg) 

ADC Micro  0.9835 0.0204 0.0204 −0.0022 

Mini-MCA6 0.9907 0.0153 0.0153 −0.0016 

RedEdge  0.9881 0.0173 0.0173 −0.0022 

As shown in Fig.4, the three models performed well, with a generally low RMSE of up to 0.033. Model_phy_reg 

was the most accurate among the three models, as shown in the third row of Fig.4, with a highest R2 (0.98–0.99) and 

a lowest RMSE of approximately 0.02. This was closely followed by Model_reg with RMSE values that were 0.002–

0.005 higher. Model_phy had the lowest accuracy among the three models, with an RMSE approximately 0.01 higher 

and R2 0.01–0.02 lower. RSE is a variant of the RMSE adjusted for the number of predictors in the model. Its 

difference from RMSE was negligible as shown in Table 5, due to the large number of surface spectral albedos (2424) 

used for developing models and small number of predictors (narrow bands). 

The Mini-MCA6 camera performed the best with Model_reg and Model_phy_reg, whereas the RedEdge camera 

performed the best with Model_phy. When applying the best algorithm (Model_phy_reg), Mini-MCA6 showed the 

highest R2 of approximately 0.99 and the lowest RMSE of approximately 0.015, which was closely followed by 

RedEdge with an RMSE only 0.002 higher. The ADC Micro showed the lowest performance with an RMSE of 

approximately 0.02. 

4. Result 

4.1. Sensitivity analysis 

4.1.1. Sensitivity to the season and SZA 

The RMSEs of the three model-based albedos with respect to the seasons and SZAs are shown in Fig.5. Most 

models performed slightly better with summer solar irradiances (first column, Fig.5), except for Model_phy used for 

ADC Micro, which had the poorest performance indicated by a higher RMSE. Regarding the summer SZAs (first 
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row, Fig.5), the performances of Model_phy and Model_phy_reg were similar, whereas Model_reg performed 

slightly better with the 20° SZA. As the winter SZAs increased from 40° to 70° (second row, Fig.5), the accuracy of 

Model_reg and Model_phy_reg reduced marginally, whereas that of Model_phy improved, as shown by the 

difference in RMSE of up to 0.005. 

 

Figure 5. RMSEs of the three model-based estimated total SW albedos with respect to the season and SZA.  

4.1.2. Sensitivity to the horizontal/vertical surface 

The sensitivity of the NTB models to the vertical/horizontal surface and azimuth (if vertical) was evaluated 

using RMSE, and the results are shown in Fig.6. 

 Figure 6. 

RMSEs of the three models-based estimated albedos with respect to the axial and orientation of target 

surface. 
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As shown in the first two columns (from left) in Fig.6, most models showed higher accuracies when applied to 

the horizontal surface than the vertical surface: Model_phy performed significantly better with an RMSE value that 

was 0.006–0.01 lower, the RMSE value of Model_reg was 0.0025–0.0037 lower, and Model_phy_reg performed 

slightly better with RMSE value lower by 0.0017 and 0.0012 for ADC Micro and Mini-MCA6, respectively, except 

for RedEdge which performed marginally lower.  

In terms of the vertical surface azimuth, as shown in the last four columns of Fig.6, Model_phy demonstrated 

the best and worst performances with 230°- and 50°-azimuth surfaces, respectively, where the largest RMSE gap 

ranged between 0.009–0.014. Model_reg and Model_phy_reg performed the best and worst with the 320°- and 50°- 

azimuth vertical surface, respectively. The difference in RMSE for Model_reg was 0.005–0.006. As compared to the 

other two models, Model_phy_reg was less sensitive to the various surface azimuths, and the largest RMSE 

difference was between 0.002–0.0029. 

4.1.3. Sensitivity to the class of materials 

Considering the difference in albedo among construction materials (e.g., overall low albedo of asphalt), we used 

the RMSE percentage of the estimated SW albedos to better evaluate the models’ dependencies on the material classes. 

The results, as shown in Fig.7, showed that the RMSE percentages of models applied to the urban surfaces were 

almost less than 15%, except for Model_phy and Model_reg applied to concrete and asphalt, respectively.  

Regarding Model_reg, the best material class as the application target is the coating, whereas the worst and 

close-to-worst classes were asphalt and wooden slats, respectively, where the largest difference in RMSE percentage 

was approximately 11%. Model_phy’s best application target was the wooden slat, whereas the worst was the coating 

for Mini-MCA6 and RedEdge, and concrete for ADC Micro, where the difference in RMSE percentage was up to 

8%. Model_phy_reg’s application on most construction materials showed an RMSE percentage less than 11%, except 

for asphalt and wooden slat. Their best and worst applications were stone and wooden slat, respectively, where the 

RMSE percentage difference was up to 9%. 
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Figure 7. RMSE percentages of the three model-based estimated albedos with respect to the surface material 

class. 

The worst application targets of Model_reg and Model_phy_reg were asphalt and wooden slat (Fig.7). Their 

capacity to capture spectral variations of different surface materials can be improved by developing custom models 

for each cover type, such as categorizing land cover into snow, soil, and vegetation for spaceborne RS [123,142]. 

The weighting coefficients of Model_phy remained unchanged unless the at-surface solar irradiance varied. We thus 

customized Model_reg and Model_phy_reg individually for the asphalt and wooden slat samples, as shown in Eqs. 

(12)–(17), in order to explore the potential for improving NTB conversion while considering different surface 

materials.  

• Custom Model_reg for asphalt: 

𝛼_𝑀𝑖𝑐_𝑟𝑒𝑔 = 0.5011𝐺 − 0.6705𝑅 +1.0308𝑁𝐼𝑅 + 0.0023 (12) 

𝛼_𝑀𝐶𝐴6_𝑟𝑒𝑔 = 0.3276𝐵 − 0.0196𝐺 + 0.2205𝑅 −0.2433𝑅𝐸 − 0.1853𝑁𝐼𝑅1 + 0.8345𝑁𝐼𝑅2 + 0.0004 (13) 

𝛼_𝑅𝑒𝑑𝐸_𝑟𝑒𝑔 = 0.3595𝐵 − 0.0451𝐺 − 0.8113𝑅 +0.6996𝑅𝐸 + 0.6437𝑁𝐼𝑅 + 0.0001 (14) 

• Custom Model_reg for wooden slat: 

𝛼_𝑀𝑖𝑐_𝑟𝑒𝑔 = −0.2058𝐺 + 0.5498𝑅 +0.5912𝑁𝐼𝑅 + 0.0075 (15) 

𝛼_𝑀𝐶𝐴6_𝑟𝑒𝑔 = 1.0432𝐵 − 1.0292𝐺 − 0.0135𝑅 + 2.9212𝑅𝐸 − 3.8306𝑁𝐼𝑅1 + 1.8782𝑁𝐼𝑅2 + 0.01618 (16) 

𝛼_𝑅𝑒𝑑𝐸_𝑟𝑒𝑔 = −0.8996𝐵 + 3.8407𝐺 + 0.2938𝑅 −4.6087𝑅𝐸 + 2.4312𝑁𝐼𝑅 + 0.007 (17) 

The general and customized regression-based weighting coefficients for sensors as shown in Eqs. (7)–(9), (12)–

(17) were also summarized in Table 6. 

Table 6. General and customized regression-based weighting coefficients. 
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Sensor ADC Micro RedEdge 

Channel G R NIR 
Cons-

tant 
B G R RE NIR 

Cons-

tant 

General 0.7028 -0.4155 0.6222 0.009 0.3973 -0.0102 0.0454 -0.1017 0.6116 0.0075 

Asphalt 0.5011 -0.6705 1.0308 0.0023 0.3595 -0.0451 -0.8113 0.6996 0.6437 0.0001 

Wooden 

slat 
-0.2058 0.5498 0.5912 0.0075 -0.8996 3.8407 0.2938 -4.6087 2.4312 0.007 

Sensor Mini-MCA6 

Channel B G R RE NIR1 NIR2 Constant 

General 0.3668 -0.0449 0.2183 0.2105 -0.5914 0.7708 0.0075 

Asphalt 0.3276 -0.0196 0.2205 -0.2433 -0.1853 0.8345 0.0004 

Wooden 

slat 
1.0432 -1.0292 -0.0135 2.9212 -3.8306 1.8782 0.01618 

Instead of the general variables of 0.9141, 0.9193, and 0.9282 (second row of Table 4) to develop 

Model_phy_reg for ADC Micro, Mini-MCA6, and RedEdge, respectively, the custom formulae applied 0.9856, 

0.9714, and 1.0021, calculated by the regression for the asphalt samples, and 1.0291, 0.9979, and 1.0388 for the 

wooden slat samples. 

A comparison of the general and custom NTB models is shown in Fig.8. It demonstrates that the customization 

resulted in an improvement in RMSE by approximately 1–4% for Model_reg and 3–6% for Model_phy_reg. The 

best conversion formulae for the asphalt and wooden slat are the custom Model_phy_reg used for Mini-MCA6, 

achieving a lowest RMSE percentage of 6.5% and 5.7%, respectively.  

Figure 8. RMSE percentages of the general and custom NTB models-based estimated albedos of asphalt (left) 

and wooden slat (right). 
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4.2. Validation of conversion models 

As mentioned in Section 2.2, avoiding the influence of the error caused by multispectral RS, the ASD 

measurement- and RedEdge image-based narrowband albedos were compared, as shown in Fig.9, and the accuracy 

of the estimated total SW albedos was evaluated, as shown in Fig.10. 

 

Figure 9. Difference between the narrowband albedos derived from RedEdge multispectral images and ASD 

measurement. 

 

 
R2 

RedEdge/ASD 

RMSE 

RedEdge/ASD  

RSE 

RedEdge/ASD 

MBE  

RedEdge/ASD  

(red cross marks 

in the boxplot 

above) 

Model_reg  0.959/0.962 0.0304/0.0293 0.0354/0.0341 −0.0049/−0.0113 

Model_phy 0.960/0.954 0.0300/0.0322 0.0349/0.0375 0.0063/0.0023 

Model_phy_reg 0.966/0.963 0.0279/0.0290 0.0325/0.0337 −0.0142/−0.0179 

Figure 10. Validation results of the three models estimated from RedEdge images- and ASD measurement-

based narrowband albedos. 
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As shown in Fig.9, the difference between the ASD measurement- and RedEdge image-based narrowband 

albedos ranged between −0.01–0.02, and the most inconsistency appeared for the albedos at the NIR region. This 

inconsistency caused a marginal difference in the estimated total SW albedos (Fig.10).  

The results estimated from ASD measured data, as shown in the table of Fig.10, demonstrated that the developed 

models performed well with an R2 above 0.95 and an RMSE of approximately 0.03. Model_reg and Model_phy_reg 

showed marginally better accuracy, with the RMSE of approximately 0.003 lower than that of Model_phy. 

Considering that the value range of most errors is located as shown in the boxplots in Fig.10, half of the errors were 

located from −0.026 to −0.005 for Model_phy_reg, from −0.037 to 0.002 for Model_reg, and between −0.017 to 

0.024 for Model_phy, indicating that the error distribution of Model_phy_reg was less dispersed. The scatterplots in 

Fig.10 show that Model_reg and Model_phy_reg may underestimate the surfaces with a lower albedo (lower than 

0.03) but overestimate the higher-albedo (above 0.6) surfaces, whereas Model_phy performed better when applied 

to the low-albedo surfaces but probably overestimated when the albedo was above 0.4, and the overestimation may 

increase as the surface albedo increases. 

The results obtained from the RedEdge image (Fig.10) show that their accuracy is similar to the values estimated 

from ASD measured data with a difference of less than 0.006 in R2 and up to 0.0022 in RMSE. 

The suitability of the developed models to estimate the vertical surface albedos was also investigated, and the 

results are shown in Fig.11. The results estimated from the ASD measured data solely for vertical surfaces, as shown 

in Fig.11, indicated a small difference as compared to the accuracy performance shown in Fig. 10. Model_reg and 

Model_phy_reg performed slightly better, with an RMSE reduction of less than 0.008, whereas Model_phy had the 

worst performance with an RMSE of around 0.01 higher. The results estimated from the RedEdge image (Fig.11) 

indicated that their performances were inferior as compared to the ones estimated from the ASD measured data, 

especially for Model_reg with a difference of around 0.08 in R2 and 0.016 in RMSE. 
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R2 

RedEdge/ASD 

RMSE 

RedEdge/ASD 

MBE 

RedEdge/ASD 

Model_reg  0.878/0.956 0.0397/0.0238 0.0022/0.0077 

Model_phy 0.827/0.856 0.0471/0.0430 0.0201/0.0295 

Model_phy_reg 0.902/0.963 0.0355/0.0218 −0.0110/−0.0023 

Figure 11. Validation results for the samples of vertical urban surfaces. 

 

5. Discussion 

5.1. Performance evaluation 

Model_reg and Model_phy_reg showed higher accuracies, suitable for SEB modeling, with RMSEs of 

approximately 0.02 for Sample_D (Section 3.2). As compared to the performance of another physics-based 

conversion model against Sentinel-2A products in urban Perugia with an RMSE of approximately 0.02[26], 

Model_phy’s RMSE value was higher by 0.01 (Fig.4). This may be due to the close-to-visible wavelength for NIR 

channel (< 1000 nm) and narrower bandwidth of spectral bands provided by UAV-based cameras, whereas the 

spectral bands provided by spaceborne sensors (e.g., Landsat, MODIS, Sentinel-2 MSI, etc.), to which the physics-

based models are well-adapted to, could better capture the spectral variation of albedo. This resulted in an overall 

overestimation of SW albedos (second row, Fig.4). The degree of overestimation depends on the weighting 

coefficient of narrowband albedo at NIR (where the albedo is usually higher than those at VIS), which was largest 
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for ADC Micro and smallest for RedEdge, causing that the overestimation was highest for ADC Micro and lowest 

for RedEdge. 

We compared the model performances with those from previous studies, and found that the relatively low 

RMSEs (less than 0.033) were sufficient. To retrieve the SW albedos from Landsat 8 OLI (7 bands) data, Baldinelli 

et al.[131] obtained RMSE values of 0.058 and 0.039 for one regression with physics-based constraints and the other 

without constraints, respectively. Bonafoni et al.[26] computed the regression coefficients by applying Tasumi’s[125] 

strategy and directly adopted Li’s[126] coefficients for Setinel-2 MSI (6 bands), with RMSE values of 0.023 and 

0.025, respectively. Liang’s models for common spaceborne sensors revealed a high accuracy with RSE ranging 

between 0.01–0.02[41].  

As shown in Fig.4 and Table 5, ADC Micro had the lowest accuracy as compared to the other cameras. This 

corresponds to our expectation and the previous study that less bands would influence the efficiency of converting 

narrowband to broadband albedos[41]. Mini-MCA6 performed best with Model_reg and Model_phy_reg whereas 

RedEdge performed better with Model_phy. However, their performances were similar, with the difference in RMSE 

less than 0.002. Their similar performance indicates that the advantage offered by Mini-MAC6’s plural bands at NIR 

region is not dominant to the accuracy of estimating albedo, as compared to RedEdge with the single band at NIR. 

Though the changes in spectral reflectance are largely in the VIS wave range, these become relatively stable in the 

NIR wave range. Meanwhile, spectral solar irradiance decreased from the VIS to NIR wave. Its peak was observed 

at around 500 nm and decreased gradually towards a longer wave range. In addition to the efficiency of the 

narrowband albedos to estimate albedo, the data quality, processing complexity[110], and the weight (which may 

influence the battery consumption of the platform and thus the available flight time) should also be considered while 

selecting a multispectral camera. For example, when applying the best NTB model (i.e., Model_phy_reg), the 

RedEdge had reduced efficiency while estimating narrowband albedos and lower spatial image resolution than Mini-

MCA6, but was lighter and had a wider FOV, which may contribute to a longer flight time, reduced flight rounds, 

and less images to capture than the Mini-MCA6 to estimate albedos of the same area, resulting in easier and timely 

post-processing. 

5.2. Sensitivity analysis 

As shown in Fig.5, the performance of the developed models was not much prone to solar irradiance with respect 

to the season and possible SZAs within the season if the UAV multispectral RS was conducted near solar noon (late 

solar noon for vertical surface) and under clear skies. These results confirm Liang’s finding that broadband albedos 
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are relatively stable unless the SZA is quite large, based on the albedo dependences of snow, deciduous forest[41], 

and asphalt[113], and are suitable for urban surfaces covered by other common construction materials. 

As shown in Fig.6, compared to Model_phy, the accuracies of Model_reg and Model_phy_reg were less 

dependent on whether surfaces are horizontal or vertical. Regarding the application to vertical surfaces with respect 

to various azimuths, Model_phy_reg was much less sensitive than Model_reg and Model_phy. It can be further 

concluded that Model_phy_reg had the least sensitivity to the applications on vertical surfaces and various azimuths. 

As shown in Fig.7, different conversion models for different cameras have their own advantages with the respect 

to the material class, due to differences in their capacity to capture spectral variations which would cause diverse 

efficiency values with respect to certain spectral variations within the material class. Among them, Model_reg and 

Model_phy_reg could not be well-adopted to estimate the albedo of the asphalt and wooden slat surfaces. Fig.8 

demonstrates the potential improvement room of a few percent in RMSE for Model_reg and Model_phy_reg due to 

the customization accounting for the surface material class, which was a non-negligible improvement for the case 

study with high requirement of estimating the albedo. It was also observed that to improve the NTB conversion 

accuracy, the category method of the surface cover[123,142] was also suitable for the construction material class and 

could be downscaled to neighborhood scales. 

5.3. Model validation 

The difference between the ASD measurement-based and RedEdge image-based narrowband albedos reveals 

the most inconsistent at NIR band (Fig.9), which may be caused by the Lambertian surface assumption that did not 

consider the BRDF effect, which would have a strong influence on the NIR region, as concluded by France[143]. 

This inconsistency caused a minor difference in the estimated total SW albedo, as shown in Fig.10, but did not 

influence model validation. As discussing the error caused by ground-based multispectral RS is beyond our scope 

here, the results shown in Fig.9 and Fig.10 were used to demonstrate that the developed models are applicable to the 

multispectral RS data in practice if adopting the appropriate observation protocols and post-processing. The following 

discussions are mainly based on the results derived from the ASD measurement-based narrowband albedos. 

As shown in Fig.10, the three developed models were applicable to the independent and separate samples 

including both vertical and horizontal surfaces, various construction materials, and multispectral RS data with low 

RMSEs of around 0.03, meeting the desired accuracy of SW albedo (around 0.05) for SEB modeling. Comparing the 

performances of the three models for sample_D (Fig.4), the performance ranking of models applied for Sample_V 
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(Fig.10) showed a general consistency, but with an RMSE increase lower than 0.012, indicating that no significant 

difference in the developed models’ accuracies was caused by the random and independent samples.  

The studies directly applying the coefficients of Liang’s and others’ NTB formulae to the samples which are not 

used to develop the models can be regarded as model validations, where the results are supposed to show a larger 

error. Compared to these studies, our developed models were quite reliable with a relatively low RMSE and MBE. 

An average RSE of generally 0.02 for most spaceborne sensors was observed in the validation cases of Liang’s 

models[113]. Fitted RMSEs of 0.075 and 0.081 were shown in [131] as the results of the accuracy assessment 

conducted by directly using Liang’s and Tasumi’s models for Landsat 8 OLI data for estimating the albedo in urban 

contexts. Cao et al.[27] observed that the MBE was about 0.01 for the validation of Landsat VIS band albedo 

conversion algorithm given by Wang[115], applied to a UAV-based RS. 

When the model validation was applied to the vertical surface (Fig.11), as compared to the general validation 

results shown in Fig.10, Model_reg and Model_phy_reg showed lower RMSE values than Model_phy, demonstrating 

that they are less sensitive to the vertical or horizontal nature of the surface.  

It can be concluded that the developed models are suitable and show a relatively stable performance when 

applying to the separate and independent samples. However, it is not clear yet if these models only work well for 

Sample_V in our validation site, for which further validations are needed to draw a more general conclusion. 

Model_phy_reg performed better as compared to the other two models, as indicated by the RMSE values and the 

denser distribution of errors, revealing that Model_phy_reg is the most stable and robust among the three models. It 

further suggests that the physical constraints used to develop the NTB conversion model may contribute to its 

applicability and robustness, which is suggested to be further applied for developing NTB conversion models for 

other multispectral cameras that were not analyzed in this chapter (e.g., Buzzard Camera six, Parrot Sequoia+, and 

Sentera Quad). 

The technical process and method to develop the NTB conversion model herein could be applied to other 

cameras. The differences among Liang’s strategy of empirical regression (Model_reg), Tasumi's strategy based on 

the albedo physics (Model_phy), and the improved physical strategy (Model_phy_reg) lead to different requirements 

to develop the models. For developing Model_reg, the sample quality and quantity would decide how general and 

applicable the model is. Although more samples involving diverse material and illumination conditions may result in 

a more compelling empirical model, the typical nature of the material and a reasonable application limit for 

illumination conditions (e.g., noontime as the limit used here) would efficiently reduce the workload but guarantee 
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the model performance. Although no database of samples is required to develop the Model_phy, the specific surface 

orientation and solar condition of the application case should be known, which would decide the conversion 

coefficients of Model_phy. The specific surface orientation and solar condition of the application case should also 

be known for developing Model_phy_reg. However, the sample quantity would influence the Model_phy_reg much 

less than Model_reg, which mainly decides the variable (term explanation as shown in Table 4) with respect to the 

camera for Model_phy_reg. 

Regarding the selection of the NTB conversion models developed here, it should depend on the similarity of the 

application case and Sample_D (used to develop the models) and the demand for accuracy and efficiency. If the 

application case is similar to the Sample_D cases considering the surface orientation, material class, and the solar 

condition under which it is based, Model_reg is recommended due to its high time and workload efficiency. This is 

because it can be adopted directly without the variation of conversion coefficients due to the illumination, unless the 

application priority is the accuracy (Model_phy_reg with higher accuracy as a preference). Whereas, if there is a 

large difference between the application case and the Sample_D, the applicability of Model_reg should be further 

validated by the target case before using the Model_reg, or it may lead to a larger error due to its development strategy 

of empirical regression. Instead, the Model_phy_reg is more recommended to be applied in this situation, as its 

coefficients were decided based on the albedo physics, which would guarantee its accuracy and robustness, but with 

a larger workload for calculating the different conversion coefficients depending on the urban surface orientation and 

solar condition. However, the calculation of conversion coefficients based on the usual regular and limited surface 

orientation in a block or a neighborhood and fast- and easy-to-use SMARTS simulation would not be too complicated 

and time-consuming. 

5.4. Limitation 

The Lambertian assumption may be not valid for different surface covers [131]. The Lambertian assumption of 

the procedure to simulate spectral albedos allows us to develop models based on extensive spectral albedos under 

different solar conditions rather than the time-consuming and labor-intensive direct measurements of albedos using 

albedometers. The Lambertian assumption was used for two purposes: to obtain the spectral albedos equaling the 

ASD measured spectral reflectances, and to obtain the narrowband albedos equaling the narrowband reflectances 

derived from RedEdge images. For the first purpose, all the target urban surfaces used here are quite rough, 

homogeneous, without dominating 3D structures, and the ASD measurements were conducted with a near-90° 

elevation angle to the surfaces and with an artificial illumination to guarantee the measurement environment close to 
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be in the laboratory, which are essential and crucial to give a Lambertian surface approximation similar to the actual 

situations[26,41,113,131]. For the second purpose, the albedos estimated from RedEdge images should be considered 

as the Lambertian-equivalent since we did not model the BRDF effect. However, apart from the characteristics of the 

urban surfaces mentioned above, the RS exercises were conducted to guarantee both the illumination and observation 

facing the target surface with a small incident and observation angle which would keep the error margin due to 

Lambertian assumptions relatively low. Besides, it would not impact our discussion (Section 5.3) as the findings 

were mainly derived from the ASD measured data rather than the RedEdge images. However, estimating albedos 

from UAV-based multispectral RS requires radiometric calibration, surface BRDF modeling (if non-Lambertian 

surface), and NTB conversion. The NTB conversion models developed here mainly deal with the last process, where 

the accuracy would be affected by the first two processes. In the future application of developed models, it is 

suggested that the BRDF effect be incorporated to retrieve the narrowband albedos from multispectral observation. 

The developed models in this chapter could only be applied to the midday period (late midday for vertical 

surface in summer), clear sky, and the location in the mid-latitude region as they work well when applied to the 

validation samples. However, more samples and conditions are needed to further test the applicability of the models. 

6. Summary 

The aim of this chapter is to provide applicable and easy-to-use NTB conversion models for UAV-based 

multispectral cameras and urban textures. Based on the obtained dataset of various at-surface solar spectral 

irradiances and spectral reflectances of urban surfaces, we simulated extensive spectral albedos of urban surfaces 

(Sample_D) and thus developed three NTB conversion formulae following published methodologies (Model_reg 

following Liang[41], Model_phy following Tasumi et al.[125], and Model_phy_reg as an improvement of 

Model_phy) for three common UAV-based multispectral cameras for urban surfaces covered by construction 

materials. Their accuracy and sensitivities to solar conditions and construction material class were evaluated, along 

with the albedo retrieval capacity of three multispectral cameras. The main findings are as follows. 

1. The performances of the three developed NTB conversion models are acceptable for SEB modeling (RMSE < 

0.033). 

2. ADC Micro had the poorest performance. Mini-MCA6 performed the best with Model_reg and Model_phy_reg 

and the RedEdge performed better with Model_phy. However, their performances were similar (RMSE 
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difference < 0.002). Data quality, processing complexity, and weight should also be considered while selecting 

a UAV-based multispectral camera.  

3. The developed models were not prone to the solar irradiance corresponding to the season and possible SZAs 

within the season if the multispectral observation was taken near the solar noon (late solar noon for vertical 

surface) and under clear sky. 

4. Model_phy_reg was least sensitive to the vertical surfaces with various azimuths, as compared to other two 

models. 

5. The developed models performed differently for the construction material class with the RMSE percentage 

difference of up to 11%. The worst application targets of Model_reg and Model_phy_reg were the asphalt and 

wooden slat surfaces. 

6. The potential for improving the customized NTB conversion models for different surface material classes could 

be a few percent, which is non-negligible for a case study with a high requirement to estimate albedo. 

These conversion formulae were validated by independent and separate Sample_V. The main findings are 

presented below. 

7. The developed models could estimate the total SW albedo with the fitted RMSEs of approximately 0.03, thus 

meeting the desired accuracy of SW albedo (approximately 0.05) for SEB modeling.  

8. The model performances for Sample_V were consistent with those of Sample_D, indicating that the model 

performances were relatively stable when applied to an independent and random dataset.  

9. Model_phy_reg’s performance was the most accurate, stable, and robust, suggesting that the physical constraint 

used to develop the NTB conversion model may contribute to its applicability and robustness.  

All the urban surfaces studied here meet the essential and crucial conditions of Lambertian surface 

approximation. In the future application of the developed conversion models, it is suggested that the BRDF effect be 

modelled to retrieve the narrowband hemispherical albedos from UAV-based multispectral observation. It is 

suggested to select the appreciate NTB conversion model developed herein depending on the similarity between the 

application case and the samples used to develop the models in this chapter and the demand for accuracy and 

efficiency (time and workload). The developed models and technical process could contribute to the wider and further 

application of UAV/ground-based multispectral RS on the microclimate monitoring and SEB modeling at 
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neighborhood or local scales. For example, before adopting the UHI mitigation strategy, quantifying the actual albedo 

is important to predict the strategy’s performance (e.g., outdoor thermal environment and indoor energy consumption) 

through SEB modeling; after applying the strategy like the cool roof to mitigate UHI effect, monitoring the variation 

of albedo would support the decisions on whether to clean the dust or to repaint the roof.  
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CHAPTER 4: ESTIMATION ON THERMAL CONDUCTIVITY AND HEAT 

CAPACITY OF BUILDING SURFACES BASED ON MULTISPECTRAL 

REMOTE SENSING AND SURFACE ENERGY BALANCE SIMULATION  

1. Introduction 

The assumption and generalization of thermal conductivities and heat capacities of building surfaces may cause 

a RMSE in SEB and Jurges CHTC model-based predicted sensible heat flux of up to 58 W/m2 and 38% during the 

noon time (Chapter 2)[144]. It reveals that error due to assumption and generalization cannot be ignored to simulate 

external surface temperature and sensible heat flux based on SEB modeling. Hence, to obtain actual thermal 

conductivities and heat capacities of building surfaces is in an important need for SEB modeling and to study the 

urban surface-atmosphere heat exchange. Due to the limitations of in-situ measurement method and satellite/airborne 

RS method to be applied for estimating thermal properties at a local scale as introduced in Chapter 1, this chapter 

aims to develop a new estimation method on thermal conductivities and heat capacities of building surfaces, filling 

a gap of the estimation method at a block and neighborhood scale. 

Rapid development of unmanned aerial vehicles (UAVs) equipped with multispectral cameras has shown the 

potential to obtain the thermophysical properties of both horizontal and vertical urban surface with fine spatial 

resolution to further bridge the gap between in-situ and spaceborne/airborne observations. An estimation method on 

urban surface albedo based on UAV-based multispectral camera including the method process and narrow-to-

broadband models have been proposed and validated in Chapter 3, establishing the foundation for the further study 

to estimate thermal properties of building surfaces. With the estimated surface albedos, the method of further 

estimation on thermal properties of opaque building surfaces was proposed in this chapter, coupling the use of 

multispectral RS and SEB model-based simulation. Taking a concrete building in a block in a university campus 

(Yokohama city, Japan) as a target building, the multispectral and hourly infrared thermal images from sunrise to 

sunset of the target building were taken, and meanwhile the indoor air temperature and weather data were measured 

in site. Typical cases of the combinations of thermal properties of building surface were characterized by clustering 

based on a database established here. These cases were input as possible thermal properties of the target building in 

SEB simulation with other boundary conditions of the measured indoor air temperature and weather data, and the 

estimated albedo of the target building (Chapter 3). Among these cases, the one which simulated radiant surface 

temperatures of target building revealing the most consistent with the measured temperatures was regarded as the 
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one closest to actual condition, and its thermal properties were regarded as the estimated results. The point-to-point, 

grid-to-grid, and region-to-region comparisons were carried out to evaluate which case performed the closest to actual 

ones. The accuracy of this developed method was evaluated, and the sensitivities of the assumption of indoor air 

temperatures and the main limitations of this method were also analyzed. In addition to use the measured global solar 

radiation to simulate the at-surface radiation, another approach of the simulation based on multispectral brightness-

radiation correlation and heat transfer model was proposed as an implement to be potentially applied for the 

conditions under an overcast or partly cloudy sky. 

2. Methodology 

2.1 Studied area and target wall surface 

The studied area was also selected on the same university campus as stated in Section 2.3 of Chapter 2 in 

Yokohama city, Japan. The studied area was approximately 100 m × 120 m, enclosed on four sides as a repeated unit 

within the school (Fig. 1). G3 building as the studied building was eleven floors and of a straight type, with offices 

and experimental rooms inside. Its NW-oriented wall external surface was selected as the studied building surface.  

 

Figure 1. The studied area and building wall surface 

As shown in Fig.2, ten points distributed uniformly on G3 NW-oriented wall external surface were selected as 

the studied points on the target building surface. Their sunlit and shadowed conditions change through the temporal 

variation, which is shown in Fig.3. Two of them, L5 and R4, were a bit different from others’ distribution rule. It is 

due to that the originally planned location for L5 cannot be used for comparison with the infrared images taken in 

this chapter since it was hidden by the G4 building. Regarding the R4, its location was selected to be higher than the 

originally planned one, because the originally planned location on G3 NW-oriented wall reveals the thermal 

anomalies suggested by the obvious sudden variation of spatial distribution of surface temperature shown in the 
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infrared image taken in this chapter. These ten points were termed as L1_5 and R1_5 in the following thesis, and 

their simulation results were compared with their measured surface temperature in Section 3.1. 

 

Figure 2. The studied ten points on G3 NW-oriented wall surface. 

 

Figure 3. Temporal variation of sunlit and shadowed conditions of ten points 

In addition to the above-mentioned point-to-point comparison of 10 points, a grid-to-grid comparison was also 

conducted for the target surfaces to avoid the influence of the point selection and to figure out the error distribution 

in order to analyze the cause of error. Four moments on the studied day from sunrise to sunset were selected: 05:22, 

09:11, 13:08, and 18:05. Different from the mesh size for simulation (i.e., 400mm), the grid size used for comparison 

is about 100mm*100mm, leading to a large grid number of 27000-30000. The process to conduct this grid-to-grid 

comparison is shown in Fig. 4. After following this process, the results of the grid-to-grid comparison were shown 

in section 3.1. 

 



77 
 

 

Figure 4. Process to conduct grid-to-grid comparison of G3 NW wall surface between the infrared image and 

2D spatial distribution of the simulated temperature for the target moments  

As shown in Fig.5, five small regions being either sunlit or shadowed on G3 NW-oriented wall external surface 

were also selected as the studied regions on the studied building surface, which were used termed as Shadowed_L, 

Sunlit_L, Shadowed_R, Sunlit_R, and Sunlit_R2 region in the following thesis. The simulation results of these five 

small regions were compared with their measured surface temperature averaged within the region in Section 3.2. 

 

Figure 5. The studied four small regions on G3 NW-oriented wall surface. 

2.2 Technical process 
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The thermal properties (i.e., thermal conductivity and heat capacity) of the building surface were estimated based on 

multispectral RS and SEB model-based simulation. Taking a concrete building in a block in a university campus 

(Yokohama city, Japan) as a target building, the multispectral and hourly infrared thermal images from sunrise to sunset 

of the target building were taken, and meanwhile the indoor air temperature and weather data were measured in site. 17 

typical combinations of thermal properties of building surface were characterized by clustering based on a database 

established here. These 17 cases were input as possible thermal properties of the target building in SEB simulation with 

other boundary conditions of the measured indoor air temperature and weather data, and the estimated albedo of the target 

building (Chapter 2). Among these 17 cases, the case which simulated radiant surface temperatures of target building 

revealing the most consistent with the measured temperatures (retrieved from hourly infrared images) was regarded as the 

one closest to actual condition, and its thermal properties were regarded as the estimated results. 

2.3 Measurement 

2.3.1 Ground-based multispectral remote sensing and in-situ measurement 

The ground-based multispectral RS was carried out on a typical summer day as the target day, August 01, 2018. 

The sky was clear and sunny, and in the middle of sunny days. By using a handheld thermal infrared camera (InfReC 

Thermo GEAR, Nippon Avionics Co., Ltd., Japan) and a multispectral camera (Rededge-M, MicaSense Inc., USA), 

hourly infrared and multispectral images for G3 NW-oriented wall surface were captured from sunrise to sunset and 

at around midnight. As measured by the thermal infrared camera, the relationship between the radiant temperature 

and actual surface temperature is shown as Eq. (6) in Section 3 of Chapter 2.  

Meanwhile, the meteorological data on August 01, 2018 as the target day were collected using an anemometer 

(KANOMAX Climomaster anemometer 6501-00, Kanomax USA, Inc., USA) and a coupled sensor (T&D TR-72nw-

S, T&D Co., Japan) for measuring and recording temperature and humidity observing at 1.5m height which are 

located in the central open space of the study area, and a weather station (Davis Vantage Pro2, Davis Instruments Co, 

USA) settled on a nearby roof in order to guarantee the complete exposure to global solar radiation (at an observing 

height of approximately 10m from the ground, and at a distance of about 150m from the study area). These observed 

meteorological data are shown in Fig. 6. In addition, the indoor air temperature was observed by using a thermometer 

(T&D TR-72nw-S, T&D Co., Japan) located on low (second), middle (fifth), and high floors (ninth) of G3 building, 

which results are shown in Fig.7. 
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Figure 6. Meteorological conditions on August 01 

 

Figure 7. Indoor temperature in G3 building in terms of high, middle, and low floors 

2.3.2 Measurement to study brightness-radiation correlation 

84 samples were taken to study the brightness-radiation correlation. As shown in Fig.8, the reference panel was 

placed horizontal and very near the pyranometer to guarantee similar solar and observation angles and the 

illumination received as the pyranometer.  

 

Figure 8. Placement of reference panel and pyranometer with a data logger 

 

 

2.4 Numerical simulation 
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2.4.1 Simulation cases 

To determine the simulation cases for the thermal properties, K-means clustering was applied to classify the 

roof/wall components from the abovementioned database (Section 2.4 and Fig.3 in Chapter 2) into typical 

combinations of thermal properties depending on the Euclidean distance calculated by the values of the normalized 

thermal properties. 

Before conducting the K-means clustering, the elbow method was applied to figure out the optimal number of 

clusters. As shown in the left of Fig.9, it reveals that the error decreases as the K, cluster number, increases sharply 

until. The K of 17 was thus selected to carry out the K-means clustering, and the mean and maximum standard 

deviation in each cluster under being clustered by 17 was shown in the right of Fig.9. 

  

Figure 9. Optimal cluster number (K) based on Elbow method (left), and mean and maximum standard 

deviation in each cluster under being clustered by the optimal cluster number, 17 (right). 

As shown in the right of Fig.9, the corresponding thermal property values of 17 cluster centers were selected as 

the typical combinations of thermal properties which were input as the simulation cases (Table 1). 

Table 1. Typical cases to simulate based on the more specific clustering 

Typical case 
𝝀𝒄 

[W m-2
 

K-1] 

𝑪𝒂 

[kJ m-2K-1] 

Reference materials 

Layers from exterior to 

interior [mm] 

TC_1 0.44 20.43 Ceramic siding (20) 

Air layer (20) 

Glass wool 16K (100) 

Air layer (60) 

Gypsum board (10) 

TC_2 0.54 196.99 Mortar (30) 

Plywood board (20) 

Glass wool (70) 

Concrete (70) 
Gypsum board (12) 

TC_3 0.55 51.88 ALC (50) 

Air layer (45) 
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Rock wool (30) 

Gypsum board (10) 

Rock wool (30) 

Air layer (200) 

Gypsum board (10) 

TC_4 0.93 413.77 Tile (10) 

Mortar (15) 

Concrete (180) 

Polystyrene foam (35) 

Gypsum board (10) 

TC_5 0.96 303.55 Concrete (150) 

Polystyrene foam (35) 

Gypsum board (10) 

TC_6 1.36 15.26 Plywood (20) 

Air layer (100) 

Soft board (6) 

TC_7 1.42 85.66 Granite (30) 

Air layer (45) 

Rock wool (30) 

Gypsum board (10) 

TC_8 2.72 375.03 ALC (50) 

Air layer (100) 

Concrete (180) 

TC_9 4.28 27.47 Ceramic siding (15) 

Air layer (100) 

Gypsum board (12) 

Air layer (60) 

Gypsum board (12) 

TC_10 4.59 407.45 Mortar (10) 

Light weight block (200) 

Plaster board (10) 

TC_11 4.85 627.13 Concrete (150) 

Air layer (100) 

Concrete (180) 

TC_12 6.97 32.05 Ceramic siding (15) 

Air layer (130) 

Plaster board (10) 

Air layer (60) 

Gypsum board (10) 

TC_13 7.19 416.67 Tile (20) 

Concrete (230) 

TC_14 8.25 83.63 Mortar (30) 

Plywood (12) 

Air layer (130) 

Plaster board (20) 

TC_15 8.40 378.95 Concrete (220) 

TC_16 9.46 172.71 Mortar (7) 

Light-weight block (94) 

Plaster board (7) 

TC_17 12.47 14.73 Steel (1) 

Air layer (100) 

Gypsum board (10) 

Considering the efficiency to figure out the target thermal combination which is closest to the actual thermal 

behavior of the target G3 NW-oriented wall surface, more general clustering can be conducted to reduce the possible 

typical thermal combinations needed to be simulated. K-means clustering was carried out for the 80 thermal 
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combinations in the established database with a K value of 4, and these 4 general clusters were shown in Fig.10 and 

their corresponding cases of thermal combinations (Table 2) were simulated. The GC case with the smallest 

simulated-measured temperature difference was the general cluster which the target thermal combination belongs to. 

After the determination of which general cluster (GC cases) the target thermal combination belongs to, the specific 

clusters (TC cases) included in this cluster are the possible target thermal combinations needed to be further simulated. 

Based on this process, the needed number of simulation cases can be effectively reduced into the half of total number 

of typical cases. Instead of the total of 17 typical cases, 8, 7, 7, and 8 cases are required to simulate if the target 

thermal combinations belong to GC_1, 2, 3, 4, respectively. 

 

Figure 10. General cluster with the general cases(left) and the typical cases included in each of them(right)  

 

 

 

 

 

 

Table 2. General cases to simulate based on the more general clustering 

General case 
𝝀𝒄 

[W m-2
 

K-1] 

𝑪𝒂 

[kJ m-2K-1] 

Reference materials 

Layers from exterior to 

interior [mm] 

GC_1 (TC_1) 0.44 20426 Ceramic siding (20) 

Air layer (20) 
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Glass wool 16K (100) 

Air layer (60) 

Gypsum board (10) 

GC_2 (TC_8) 2.72 375032 ALC (50) 

Air layer (100) 

Concrete (180) 

GC_3 (TC_13) 7.19 416667 Concrete (220) 

GC_4 (TC_14) 8.25 83629 Mortar (30) 

Plywood (12) 

Air layer (130) 

Plaster board (20) 

 

Considering that the indoor air temperature may not be easily measured when applying this proposed estimation 

method in practice, the sensitivity of indoor air temperature was also simulated and analyzed. 28 ºC, 29 ºC, and 30 ºC 

as the constant indoor air temperature were input as IC_1, IC_2, and IC_3 case, respectively.  

2.4.2 THERMORender model-based simulation 

The THERMORender model based on surface energy balance model developed by Asawa et al. [10] was applied, 

and this model was described in the Section 2.1 in Chapter 2.  

Regarding the August 01, 2018 conducting the multispectral RS as the target day, the meteorological data 

observed in the study area as shown in Fig.4 were input into THERMORender simulation (Section 2.4). With clear-

sky conditions, the partition between the direct and diffuse components was calculated using Nagata’s decomposition 

model[145] for the target day. The indoor air temperature observed on the middle floor of G3 building, as shown in 

Fig.7, was input into THERMORender simulation (Section 2.4). 

Simulation cases were carried out with mesh sizes of 400 mm. In addition, the case with the best simulation 

result, which is consistent with the measured surface temperature, was also simulated with a mesh size of 200mm to 

test the sensitivity of the mesh size on the simulation accuracy. 

2.4.3 Simulation based on multispectral brightness-radiation correlation and heat transfer model 

(1) Estimation on at-surface shortwave radiation based on multispectral brightness-radiation correlation 

The separation model (e.g., Nagata’s[145] and Erbs[100] model) used in THERMORender is to split the input 

hourly global horizontal solar radiation into its direct and diffuse components, which usually starts from the clear-

sky model to the subsequent cloudy sky model[146] and reliable cloud condition should be obtained. The direct and 

diffuse fraction of solar radiation in clear sunny day can be well predicted, and thus the at-tilt surface radiation; 
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whereas they are difficult to be estimated when it is in a cloudy-sky day due to that the real-time information of rapid 

variation of cloud cover is hard to obtain[147]. In order to adopt the estimation method on thermal properties proposed 

here to the cloudy days, another simulation method is developed based on multispectral brightness-radiation 

correlation and heat transfer model. 

With the assumption of the Lambertian surface, the narrowband radiation within each band of multispectral 

camera reflected by the surface can be calculated by multispectral brightness. The detailed calculation equations are 

shown in follows. First, radiant intensity 𝐼𝜃(W/sr) and brightness 𝐿𝜃 (W/m2sr) can be expressed by equations (1) 

and (2), respectively. 

𝐼𝜃 = 𝑑Φ 𝑑Ω                   (1)⁄  

𝐿𝜃 = 𝐼𝜃 𝑑𝑆 ∙ cos 𝜃⁄          (2) 

Where the 𝑑Φ is the element of radiant flux, 𝑑Ω is the element of solid angle, 𝑑𝑆 is the element of the area 

of the surface reflecting (can be regarded as emitting) the radiation, and 𝜃 is as shown in Fig.11. 

 

Figure 11. Solid angle and radiance (online: https://math.stackexchange.com/questions/3121489/can-there-be-

two-adjacent-solid-angles) 

Based on equation (1) and (2), the 𝑑Φ can be calculated based on equation (3), and thus the the Φ can be 

calculated by equation (4). 

𝑑Φ = 𝐼𝜃 ∙  𝑑Ω = 𝐿𝜃 ∙ cos 𝜃 ∙ 𝑑𝑆 ∙  𝑑Ω = 𝐿𝜃 ∙ cos 𝜃 ∙ 𝑑𝑆 ∙  sin 𝜃 ∙ 𝑑𝜃 ∙ 𝑑𝜑         (3) 

Φ = 𝐿 ∫ 𝑑𝑆 ∫ 𝑑𝜑 ∫ cos 𝜃 ∙
𝜋 2⁄

0

2𝜋

0

𝑆

0

sin 𝜃 ∙ 𝑑𝜃 = 𝜋 ∙ 𝐿 ∙ 𝑆                 (4) 

Where 𝜑 is as shown in Fig.11. Hence, the radiant exitance, 𝑀, can be calculated based on the brightness by 

equation (5).  

https://math.stackexchange.com/questions/3121489/can-there-be-two-adjacent-solid-angles
https://math.stackexchange.com/questions/3121489/can-there-be-two-adjacent-solid-angles
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𝑀 = Φ 𝑆 =⁄ 𝜋 ∙ 𝐿              (5)  

In our case, the radiation for wavelength 𝑖, 𝑅(λ𝑖), reflected by the Lambertian surface can be regarded as the 

radiant exitance in λ𝑖 from the surface, which equation is as: 

𝑅(λ𝑖) = 𝑀𝑖 = 𝜋 ∙ 𝐿𝑖                (6) 

Following the above steps, the correlation study can be turned to the conversion from narrowband radiation 

within each band of multispectral camera to the total shortwave radiation, which is similar to the narrow-to-broadband 

conversion on albedo estimation as shown in Chapter 3. 

SMARTS as introduced in Section 2.4.1 of Chapter 3 was applied to simulate the hourly (05:00-18:00) at-

surface solar spectral irradiance with the input of the same location (Lat./Lon.: 35° 30’ 45’’ N/139° 29’ 04’’ E) and 

azimuth (320º) as G3 NW surface with a height of 4m and 40m on August 1, 2018. Based on these hourly spectral 

irradiances, the total simulated solar radiation, 𝑅𝑠𝑤_𝑠 , can be calculated by integrating the simulated spectral 

irradiance of solar radiation (𝑅𝑠_𝑠) with the wavelength (λ𝑖) within the SW range [Eq. (7)], which is termed as 

simulated total solar radiation in this dissertation; whereas the hourly narrowband solar radiation was calculated by 

integrating solar spectral irradiance within the band spectral range corresponding to the ones captured by the studied 

camera, as shown in Eq. (8), termed as simulated narrowband solar radiation. 

𝑅𝑠𝑤_𝑠 = ∫ 𝑅_𝑠(λ𝑖) 𝑑𝜆            (7)
2500

350
  

𝑅𝑁_𝑠 = ∫ 𝑅_𝑠(λ𝑖) 𝑑𝜆/
bN

aN
(bN − aN)            (8)  

where 𝑅𝑁_𝑠 is simulated average solar radiation of the target surface within band N, 𝑅_𝑠(λ𝑖) is the at-surface 

solar spectral irradiance at wavelength λ𝑖  (nm), and aN  and bN  are the lower- and upper- wavelength limits, 

respectively, corresponding to band N of the studied camera. Five band wavelengths captured by the RedEdge camera 

are shown in Table 1 of Chapter 3 as 465–485 (Blue), 550–570 (Green), 663–673 (Red), 712–722 (Red-Edge), and 

820–860 (NIR). These band wavelength limits were input into Eq. (1) to calculate the narrowband solar radiation. 

The physics-based methodology which was described in Section in Chapter 3.1.2 was adopted to estimate the total 

solar radiation according to the above-simulated narrowband solar radiation. For the study camera of RedEdge 

camera, the total solar radiation of target surface was estimated by integrating narrowband solar radiations across the 

SW spectrum as Eq. (9), assuming that radiation in the missing wavelength regions are estimated by linear 

interpolation of adjacent bands’ radiations, which is termed as estimated total solar radiation. 



86 
 

𝑅𝑠𝑤_𝑒 = ∑ 𝑅𝑁𝑠
 ∙ ((bN − aN) + 0.5 ∙ (aN − bN−1) + 0.5 ∙ (aN+1 − bN))            (9)        

Where N= [1, 2, 3, 4, 5]. When N=1, bN−1=350; and when N=5, aN+1=2500.  

The result of the simulated and estimated total solar radiation is shown in Fig.12. The regression model was developed 

as below. 

𝑅𝑠𝑤_𝑒_𝑟𝑒𝑔 = 1.2551 ∙ 𝑅𝑠𝑤𝑒
+ 20.647          (10) 

 

Figure 12. The simulated and estimated total solar radiation 

With the adoption of this regression model, compared with the simulated solar radiation, the average error is only 

about -1.6W/m2 and RMSE is about 13.85 W/m2. 

Based on the measurement as described in Section 2.2.2, the average radiation for each wavelength within a 

band of multispectral can be calculated based on the average brightness of this band captured by RedEdge camera 

following the Eq. (6). After that, the narrowband shortwave radiation of band N can be calculated by applying Eq. 

(8). With the input of narrowband shortwave radiation of band N, the total shortwave radiation was estimated 

following Eq. (9), which is termed as estimated shortwave radiation. Compared with the measured total shortwave 

radiation, the result of the estimated total shortwave radiation is shown in Fig.13 and another regression model was 

developed as below. 

𝑅𝑠𝑤_𝑒_𝑟𝑒𝑔 = 1.3056 ∙ 𝑅𝑠𝑤𝑒
+ 20.155          (12) 
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Figure 13. The measured and estimated total shortwave radiation 

As shown in Fig.13, it generally reveals a linear relation but the regression model was easily affected by the 

sample selections due to the measurement error (e.g., horizontal placement of RP and pyranometer, at-nadir 

observation by using multispectral camera, and varying radiation affecting readings from data logger) and limited 

number of samples. However, we found a very small difference between these two regression models, Eq. (10) and 

(12). The better fitted model of Eq. (10) was thus applied.  

After following Eq. (10), the estimated shortwave radiations reflected by the studied four small regions (Fig.5) 

are shown in Fig.14. 

 

Figure 14. Shortwave radiation reflected by the studied small regions on G3 NW wall surface 

Considering the RMSE of about 0.03 for estimating total albedo based on the narrowband albedos obtained by 

multispectral camera (Chapter 3), the error propagation can be calculated when adopting the developed Eq. (10) to 

estimate the at-surface shortwave radiation in this chapter case. 

The probably value range of the G3 wall albedo is 0.6±0.03 (i.e., 0.57-0.63). The absorbed solar radiation can 

be calculated by Eq. (11). 
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𝑅𝑠𝑤_𝑎𝑏𝑠 = 𝑅𝑠𝑤_𝑟𝑒𝑓 ∙ (1 − 𝛼) 𝛼⁄          (11) 

In the case of G3 wall, if the G3 wall albedo of 0.6 is overestimated, the variable (1 − 𝛼) 𝛼⁄  is ranged 0.667-

0.7544, causing the shortwave radiation is probably underestimated (termed as 𝑅𝑠𝑤_𝑎𝑏𝑠_𝑢𝑛𝑑𝑒𝑟); while if the albedo 

of 0.6 is underestimated, this variable is ranged 0.587-0.667, causing the shortwave radiation is probably 

overestimated (termed as 𝑅𝑠𝑤_𝑎𝑏𝑠_𝑜𝑣𝑒𝑟). Fig.14 shows the temporal variation of the shortwave radiation reflected by 

5 small regions being either sunlit or shadowed which were estimated following the Eq. (10). As shown in Fig.14, 

the minimum and maximum of the reflected shortwave radiation on G3 wall is respectively about 26 W/m2 and 230 

W/m2, so the radiation error with the overestimated albedo (higher by 0.03) is ranged from -2.27 to -23 W/m2 and 

that with the underestimated albedo (lower by 0.03) is ranged from 2.08 to 21 W/m2. As shown in Fig.14, the small 

regions on G3 wall with the maximum and minimum reflected shortwave radiation are Sunlit_R and Shadowed_R 

regions, respectively. Fig.15 shows the temporal variation of the absorbed shortwave radiation and the overestimated 

and underestimated ones respectively caused by an under- and overestimated albedo in Sunlit_R (left Fig.15) and 

Shadowed_R region (right Fig.15) estimated here. It demonstrates that the error is small with a radiation difference 

of less than 9 W/m2 when the target surface region is shadowed or with a shortwave radiation reflected by itself of 

lower than 100 W/m2. 

 

Figure 15. Temporal variation of the absorbed shortwave radiation and the overestimated and 

underestimated ones in Sunlit_R (left) and Shadowed_R region (right). 

(2) Estimation on at-surface longwave radiation 

The atmospheric longwave radiation budget on the studied region of G3 wall surface can be calculated based 

on the emissivity of G3 wall surface, sky temperature, air temperature, and sky view factor (∅𝑠𝑘𝑦) following the 

Planck’s equation [Eq.(12)] and (13) below. 
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𝑓(𝜆, 𝑇) =
𝐶1

𝜆5 ∙ (𝑒𝐶2 𝜆∙𝑇⁄ − 1)
        (12) 

Where the constant 𝐶1 equals 1.191042 × 108 (𝑊/𝑚2/𝑠𝑟/𝑢𝑚−4), 𝐶2 equals 1.4387752 × 104, 𝜆 is the 

wavelength (𝑢𝑚), and 𝑇 is the blackbody temperature (𝐾). 

𝐿𝑎𝑡 = 𝜀𝐺3 ∙ ∅𝑠𝑘𝑦 ∙ 𝜋 ∙ ∫ 𝑓(𝜆, 𝑇)𝑑𝜆        (13)
1000

4

 

Where the global atmospheric radiation, 𝐿𝑎𝑡, was calculated based on Planck’s equation with air temperature 

( 𝑇𝑎) for wavelength 4-7um and 15-1000um, and sky temperature ( 𝑇𝑠𝑘𝑦) derived from hourly infrared images for 8-

14um. Hence the Eq.(13) can be converted into Eq.(14) below.  

𝐿𝑎𝑡 = 𝜀𝐺3 ∙ ∅𝑠𝑘𝑦 ∙ 𝜋 ∙ (∫ 𝑓(𝜆,  𝑇𝑎)𝑑𝜆
8

4
+ ∫ 𝑓(𝜆,  𝑇𝑠𝑘𝑦)𝑑𝜆

14

8
+ ∫ 𝑓(𝜆,  𝑇𝑎)𝑑𝜆

1000

14
)       (14)  

The following process was used to calculate the sky view factor (SVF): (a) Exportation of panorama images 

from Vectorworks 3D model; (b) Conversion of the panorama images into orthographic projection images; (c) SVF 

calculation using a Rayman model-based software[148]. The panorama images and SVF monochromes (screenshots 

from Rayman) for the selected regions on G3 NW wall surface are shown in Fig.16. Their sky view factors calculated 

are shown in Table 8.  

Table 3. Sky view factor of the selected regions on G3 NW wall surface 

Region on G3 NW wall  Sky view factor (%) 

Sunlit_L 33.3 

Sunlit_R 47 

Sunlit_R2 38 

Shadowed_L 26.5 

Shadowed_R 24.1 
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Figure 16. Panorama images and SVF monochromes (screenshots from Rayman software [148]) of the selected 

regions on G3 NW wall surface 
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The environmental longwave radiation budget on the studied region of G3 wall surface was calculated following 

the Eq. (15) below.  

𝐿𝑒𝑛 = 𝜀𝐺3 ∙ 𝜎 ∙ (∑ 𝜀𝑖∙𝑒𝑛 ∙ ∅𝑖∙𝑒𝑛 ∙  𝑇𝑠𝑖∙𝑒𝑛
4 −  𝑇𝑠∙𝐺3

4)       (15)  

Where 𝜎 was Stefan-Boltzmann constant, and the 𝜀𝑖∙𝑒𝑛, the emissivity of the i-th surface of the surrounding 

environment, was assumed to be the same due to the commonly high emissivities for construction materials [97] and 

plants[149]. The air temperature was assumed approximating the surface temperature of the surrounding environment. 

The total view factor of all the surfaces of the surrounding environment can be calculated according to the sky view 

factor, i.e., 1 − ∅𝑠𝑘𝑦. Hence, the Eq. (15) can be written as Eq. (16) below. 

𝐿𝑒𝑛 = 𝜀𝐺3 ∙ 𝜎 ∙ (𝜀𝑒𝑛 ∙ (1 − ∅𝑠𝑘𝑦) ∙  𝑇𝑎
4 −  𝑇𝑠∙𝐺3

4)       (16)  

Where 𝜀𝐺3 (emissivity of G3 wall surface) was set as 0.95, and the emissivity of the surfaces of the surrounding 

environment, 𝜀𝑒𝑛, was approximated to be 1. 

The longwave radiation budget on the studied regions on G3 wall surface, 𝐿𝑡𝑜𝑡𝑎𝑙, can be calculated as the 

accumulation of 𝐿𝑎𝑡 and 𝐿𝑒𝑛 [Eq. (17)]. 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑎𝑡 + 𝐿𝑒𝑛      (17) 

2.4.4 Influence of error of estimated albedos in simulation results and estimating thermal properties 

The estimated shortwave radiations reflected by the studied four small regions are shown in Fig.2. 

 

Figure 17. Shortwave radiation reflected (left) by the studied small regions on G3 NW wall surface (right) 

As shown in Fig.17, the small regions on G3 wall with the maximum and minimum reflected shortwave radiation 

are Sunlit_R and Shadowed_R regions, respectively. Considering the RMSE is about 0.03 for the estimated albedo 

of 0.6 for studied wall surface, the absorbed shortwave radiation when albedo is over overestimated (0.57) or 

underestimated (0.63) for R_sunlit and R_shadowed regions is shown in Fig.18.  
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Figure 18. Absorbed solar radiation when albedo is overestimated (0.57) or underestimated (0.63) for 

R_sunlit and R_shadowed regions. 

By inputting these absorbed solar radiations into the correct case TC_13 (Section 4.1), the simulated surface 

temperatures are shown in Section 3.3. 

2.5 Theoretical method on thermal properties  

The estimated values of thermal properties obtained by our method here were validated by a theoretical method 

based on ISO 6946, with the known composition and thermal properties of layers for the target wall surfaces. 𝛿𝑖 [𝑚] 

is the thickness of each layer. The areal thermal resistance for each air layer (Ra) was given the standardized value 

of 0.09 m2 K W-1 here, and the number of air layers is m. Therefore, the total conductivity coefficient (λc [W m-2 

K-1]) of the multilayer component of a building surface is calculated by Eq. (10): 

𝜆𝑐 = 1/𝐴 = 1/(∑(𝛿𝑖/𝜆𝑐𝑖)

𝑛

𝑖=1

+ 𝑚𝐴𝑅𝑎)               (10) 

Cρi [kJ m-3 K-1] and Cai [kJ m-3 K-1] are the volumetric and areal specific heat capacities of a layer, 

respectively. The total areal specific heat capacity (Ca [kJ m-2 K-1]) of a multilayer building surface can be calculated 

by Eq. (11): 

  𝐶𝑎 = ∑𝐶𝑎𝑖 = ∑(𝛿𝑖 ∗ 𝐶𝜌𝑖)                                          (11) 

As stated in ISO9869-1, assuming that the theoretical value is accurate, the results are representative if the 

theoretical and in-situ measured values are less than 20% different. We also used this standard to validate the 

estimated values. 

3. Result 

3.1 THERMORender simulation result 
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Compared with the measurement-based surface radiant temperature, the results of the simulated surface radiant 

temperature (Section 2.5) of the studied 10 points on G3 NW wall surface, L1-5 and R1-5 (Fig.2), for case GC_1-4 

are shown in Fig.19 and 20. Their mean bias error (MBE), mean absolute error (MAE), and root mean square error 

(RMSE) are shown in Table 4. 

 

 

Figure 19. Measurement-simulation comparison for the case GC_1, 2, 3, 4 (shown in Table 2) in terms of the 

L1-5  
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Figure 20. Measurement-simulation comparison for the case GC_1, 2, 3, 4 (shown in Table 2) in terms of the 

R1-5  

 

 

 

 

Table 4. Mean bias error (MBE), mean absolute error (MAE), and root mean square error (RMSE) of the 

simulated surface radiant temperatures of case GC_1, 2, 3, 4. 
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Studied 

region 
Case MBE (ºC) MAE (ºC) RMSE (ºC) 

L_1 GC_1 1.560 1.987 2.165 

GC_2 0.436 0.673 0.703 

GC_3 -0.189 0.260 0.301 

GC_4 0.533 0.942 0.973 

L_2 GC_1 1.660 1.979 2.206 

GC_2 0.538 0.683 0.739 

GC_3 -0.072 0.146 0.176 

GC_4 0.636 0.926 0.999 

L_3 GC_1 1.806 2.083 2.366 

GC_2 0.663 0.721 0.836 

GC_3 0.025 0.137 0.149 

GC_4 0.751 0.972 1.096 

L_4 GC_1 1.839 2.164 2.466 

GC_2 0.685 0.830 0.951 

GC_3 0.056 0.169 0.231 

GC_4 0.770 1.077 1.212 

L_5 GC_1 1.406 1.863 2.171 

GC_2 0.409 0.670 0.794 

GC_3 -0.151 0.243 0.296 

GC_4 0.494 0.938 1.078 

R_1 GC_1 1.809 2.088 2.309 

GC_2 0.737 0.801 0.925 

GC_3 0.164 0.288 0.361 

GC_4 0.857 1.053 1.174 

R_2 GC_1 1.654 1.905 2.140 

GC_2 0.599 0.691 0.795 

GC_3 0.043 0.180 0.206 

GC_4 0.716 0.929 1.040 

R_3 GC_1 1.474 1.719 1.983 

GC_2 0.514 0.676 0.744 

GC_3 0.009 0.185 0.232 

GC_4 0.602 0.850 0.956 

R_4 GC_1 1.363 1.623 1.869 

GC_2 0.396 0.618 0.664 

GC_3 -0.062 0.248 0.294 

GC_4 0.505 0.803 0.879 

R_5 GC_1 1.533 1.764 2.060 

GC_2 0.606 0.798 0.871 

GC_3 0.161 0.291 0.352 

GC_4 0.728 0.974 1.099 

 

Fig.19 and 20 reveal that the simulated radiant temperatures of case GC_3 were the closest to the measured ones 

with a very small differences, which was followed by GC_2 and GC_4; whereas, the GC_1’s results demonstrate the 

largest difference from the measured radiant temperatures. To be more specific as shown in Table 4, the MAE and 

RMSE for L1-5 and R1-5 were ranged 0.137-0.291ºC and 0.149-0.361ºC for case GC_3, respectively, which were 
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obviously smaller than the 0.618-0.801ºC (MAE range) and 0.664-0.925ºC (RMSE range) for GC_2 as the second 

closest case to the measured temperatures with a difference of at least about 0.37ºC for both MAE and RMSE, and 

up to about 0.67 and 0.72 ºC for MAE and RMSE, respectively. When comparing with the GC_1, the error 

differences were ranged about 1.4-2 ºC and 1.5-2.2 ºC for MAE and RMSE, respectively.\ 

Based on the above results, the general cluster (GC cases) the target thermal combination belongs to can be 

determined as GC_3, four specific clusters of TC_13, TC_15, TC_10, and TC_11 included in GC_3 are the possible 

target thermal combinations needed to be further tested. In terms of the case TC_13, TC_15, TC_10, and TC_11, the 

point-to-point (L1-5 and R1-5 as shown in Fig.2) comparison between the simulation results and the measured surface 

radiant temperatures were shown in Fig. 21 and Fig. 22, and their MBE, MAE, and RMSE were shown in Table 5. 
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Figure 21. Measurement-simulation comparison for the case TC_13, 15, 10, 11 (shown in Table 2) in terms of 

the L1-5 (shown in Fig.2) 
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Figure 22. Measurement-simulation comparison for the case TC_13, 15, 10, 11 (shown in Table 2) in terms of 

the R1-5 (shown in Fig.2) 

 

 

 

 

Table 5. MBE, MAE, and RMSE of the simulated surface radiant temperature of case TC_13, 15, 10, 11. 
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Studied 

region 
Case MBE (ºC) MAE (ºC) RMSE (ºC) 

L_1 TC_13 -0.189 0.260 0.3011  

TC_15 -0.254 0.297 0.335 

TC_10 0.088 0.309 0.336 

TC_11 -0.083 0.231 0.301 

L_2 TC_13 -0.072 0.146 0.176 

TC_15 -0.136 0.174 0.212 

TC_10 0.205 0.289 0.320 

TC_11 0.025 0.155 0.210 

L_3 TC_13 0.025 0.137 0.149 

TC_15 -0.041 0.146 0.170 

TC_10 0.308 0.337 0.400 

TC_11 0.136 0.195 0.214 

L_4 TC_13 0.056 0.169 0.231 

TC_15 -0.001 0.196 0.236 

TC_10 0.339 0.442 0.518 

TC_11 0.162 0.185 0.252 

L_5 TC_13 -0.151 0.243 0.296 

TC_15 -0.180 0.261 0.316 

TC_10 0.121 0.383 0.445 

TC_11 -0.032 0.200 0.232 

R_1 TC_13 0.164 0.288 0.361 

TC_15 0.104 0.259 0.327 

TC_10 0.427 0.482 0.573 

TC_11 0.266 0.380 0.469 

R_2 TC_13 0.043 0.181 0.206 

TC_15 -0.013 0.200 0.215 

TC_10 0.313 0.364 0.445 

TC_11 0.141 0.207 0.254 

R_3 TC_13 0.009 0.185 0.233 

TC_15 -0.041 0.202 0.256 

TC_10 0.237 0.364 0.405 

TC_11 0.091 0.177 0.225 

R_4 TC_13 -0.062 0.248 0.294 

TC_15 -0.114 0.292 0.336 

TC_10 0.144 0.322 0.375 

TC_11 0.010 0.189 0.238 

R_5 TC_13 0.161 0.291 0.352 

TC_15 0.130 0.275 0.338 

TC_10 0.364 0.506 0.552 

TC_11 0.236 0.268 0.339 

* Background of orangey color indicates the minimum error value among TC_13, 15, 10, and 11. 

As shown in Fig. 21 and 22, the TC_10 reveals smaller temperatures in the morning and larger peak temperatures 

which peak times for the target points can be observed to be a bit earlier than TC_13, 15, and 11 especially in Fig. 

19(e). Whereas, the simulated surface radiant temperatures and their temporal variation TC_13, 15, and 11 in terms 

of the target points were observed significantly close based on Fig. 21 and 22. To be more specific, Table 5 reveals 
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that daily average MAEs and RMSEs from sunrise to sunset of the TC_10 were generally larger than the other cases 

by 0.1-0.25 and 0.1-0.28, respectively, except for the points of L1 and R4 with much smaller MAE and RMSE 

differences. As shown in Table 5, TC_13 reveals smallest RMSEs for L1-L4 and R2 as the TC case with most points 

among 10 target points dominating the smallest RMSEs, which was followed by TC_11 with smallest RMSEs for 

L5, R3, and R4; whereas the TC_15 reveals smallest RMSEs for R1 and R5.  

However, to better estimate the general performance of these 4 TC cases (i.e., TC_13, 15, 11, and 10) included 

in GC_3, the histograms of the hourly absolute error (AE) of the simulated surface temperatures for L1-5 and R1-5 

compared with measured ones in terms of the TC_13, 15, 11, and 10 were shown in Fig. 23. Meanwhile, the RMSE, 

MBE, and frequency of the AE in terms of the case TC_13, 15, 10, 11 were shown in Table 6. 

 

Figure 23. Histogram of the absolute error of the simulated surface temperatures compared with measured 

ones in terms of TC_13, 15, 11, and 10 

Table 6. RMSE, MBE, and frequency of the MAE in terms of the case TC_13, 15, 10, 11. 
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Case 
RMSE 

(ºC) 

MAE 

(ºC) 

Frequency of 

the AE <0.2 

Frequency of 

the AE <0.3 

Frequency of 

the AE >0.5 

Frequency of 

the AE >0.7 

TC_13 0.269 0.215 76 106 10 2 

TC_15 0.281 0.230 70 99 10 2 

TC_10 0.445 0.380 33 58 41 14 

TC_11 0.284 0.219 77 99 9 4 

 

As shown in Fig. 23 and Table 6, regarding the relatively low hourly AE lower than 0.2, the TC_13 reveals the 

largest AE number of 106, followed by TC_15 and 11 with the same AE number of 99, whereas the smallest AE 

number of 58 occurred on TC_10. In terms of the relatively high hourly AEs, the TC_13 and 15 reveal the same 

smallest number for hourly AEs above 0.5 and 0.7 as 10 and 2, respectively, which was followed by the TC_10 with 

a number of 9 and 4 for AEs above 0.5 and 0.7, respectively; whereas, the largest number of 41 and 14 occurred on 

TC_10 for hourly AEs above 0.5 and 0.7 as 10 and 2, respectively. As shown in Table 6, considering all the hourly 

errors, the TC_13 reveals the generally lowest RMSE and MAE of about 0.269 and 0.215, respectively, closely 

followed by TC_15 and TC_11 with the RMSEs of about 0.28 and MAEs of respectively 0.23 and 0.219. Whereas, 

the TC_10 was with the highest RMSE and MAE of about 0.445 and 0.38, respectively. 

Following the process as shown in Fig. 4, the results of the grid-to-grid comparison were shown in Fig.24-27 

with respect of the target moment of 05:22 (sunrise time: 04:50), 09:11, 13:08, and 18:05 (sunset time: 18:46) on 

August 01, 2018, respectively. The histograms of the grid-to-grid comparison-based errors for the target moments of 

05:22, 0911, 13:08, and 18:05 were shown in Fig. 28, and their mean error (ME), MBE, and RMSE were shown in 

Table 7. 
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Figure 24. Grid-to-grid comparison of G3 NW wall surface between the infrared image and 2D spatial 

distribution of the simulated temperature for the target moment of 05:22  
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Figure 25. Grid-to-grid comparison of G3 NW wall surface between the infrared image and 2D spatial 

distribution of the simulated temperature for the target moment of 09:11  
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Figure 26. Grid-to-grid comparison of G3 NW wall surface between the infrared image and 2D spatial 

distribution of the simulated temperature for the target moment of 13:12  
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Figure 27. Grid-to-grid comparison of G3 NW wall surface between the infrared image and 2D spatial 

distribution of the simulated temperature for the target moment of 18:05  
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Figure 28. Histogram of the grid-to-grid comparison-based error for the target moments of 05:22, 0911, 13:08, 

and 18:05  
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Table 7. Mean error (ME), MBE, and RMSE in terms of the case TC_13, 15, 11. 

 ME MAE RMSE 

 TC13 TC15 TC11 TC13 TC15 TC11 TC13 TC15 TC11 

05:22 -0.004 0.043 -0.190 0.221 0.226 0.263 0.270 0.273 0.333 

09:11 -0.130 -0.227 -0.403 0.332 0.365 0.466 0.409 0.453 0.568 

13:08 -0.004 0.050 -0.085 0.494 0.491 0.502 0.581 0.579 0.594 

18:05 -0.071 -0.098 -0.058 0.698 0.707 0.700 0.809 0.813 0.811 

 

As shown in Fig. 24, the 2D distributions of the errors of the simulated surface radiant temperatures for the 

target moment of 05:22 reveals that the simulated surface radiant temperatures were generally close to the measured 

ones, but were a bit smaller and larger than the measured ones for the upper and lower sides of target wall surface, 

respectively. As shown in Fig. 25-27, the 2D distributions of the errors of the simulated surface radiant temperatures 

for the target moments of 09:11, 13:08, and 18:05 reveal that the simulated surface radiant temperatures were close 

to the measured ones in the middle region (higher middle region for 13:08, and 18:05) of the target wall surface with 

the errors mostly within the range from -0.5 to 0.5 ºC, but they were generally larger than the measured ones for the 

lower left side of the target wall surface and smaller than the measured ones for the lower right side, especially 

obvious for the target moment of 18:05 as shown in Fig.27. As shown in Table 7, TC_13 demonstrates the closest-

to-0 ME and smallest MAEs and RMSEs expect for the target moment of 13:08, when the smallest MAE and RMSE 

occurred for TC_15. However, as shown in Table 7, the largest gap among the MAEs and RMSEs of TC_13, 15, and 

11 was very small for the target moments of 05:22, 13:08, and 18:05, which was up to respectively 0.04 ºC and 0.06 

ºC, whereas a bit larger for the 09:11 with the gap of about 0.13 ºC and 0.16 ºC. Regarding the error values, the 

18:05 was the moment revealing the largest MAEs and RMSEs regarding these three cases (TC_13, 15, and 11), 

followed by the moment of 13:08; whereas the 05:22 was the one demonstrating the smallest MAEs and RMSEs. In 

addition, the edges of the infrared thermal images used for mapping can be observed obviously in Fig. 24 and 25 for 

the target moments of 05:22 and 09:11. 

Meanwhile, the sensitivities of the mesh size and indoor air temperature on the simulated temperatures were 

also tested based on the THERMORender simulations. The simulated surface radiant temperatures of the IC_1, IC_2, 

and IC_3 compared with those of the TC_13 and the measured ones in terms of the points of L1-5 and R1-5 (Fig.2) 

were shown in Fig.29 and Fig. 30, and the MBE, MAE, and RMSE regarding the target points were shown in Table 

8. 
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Figure 29. Measurement-simulation comparison for the case TC_13, 15, 10, 11 (shown in Table 2) in terms of 

the L1-5  
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Figure 30. Measurement-simulation comparison for the case TC_13, 15, 10, 11 (shown in Table 2) in terms of 

the R1-5  

Table 8. MBE, MAE, and RMSE of the simulated surface radiant temperatures of case TC_13, 15, 10, 11. 

Studied 

region 
Case MBE (ºC) MAE (ºC) RMSE (ºC) 

L_1 TC_13 -0.189 0.260 0.301 

IC_1 -0.441 0.442 0.500 

IC_2 -0.255 0.298 0.346 

IC_3 -0.014 0.182 0.247 

L_2 TC_13 -0.072 0.146 0.176 

IC_1 -0.319 0.333 0.363 

IC_2 -0.131 0.186 0.217 

IC_3 0.114 0.173 0.226 
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L_3 TC_13 0.025 0.137 0.149 

IC_1 -0.223 0.225 0.268 

IC_2 -0.038 0.133 0.154 

IC_3 0.208 0.212 0.250 

L_4 TC_13 0.056 0.169 0.231 

IC_1 -0.204 0.270 0.313 

IC_2 -0.013 0.190 0.228 

IC_3 0.241 0.258 0.316 

L_5 TC_13 -0.151 0.243 0.296 

IC_1 -0.389 0.414 0.473 

IC_2 -0.196 0.281 0.334 

IC_3 0.031 0.192 0.233 

R_1 TC_13 0.164 0.288 0.361 

IC_1 -0.075 0.270 0.344 

IC_2 0.107 0.276 0.357 

IC_3 0.336 0.404 0.505 

R_2 TC_13 0.043 0.181 0.206 

IC_1 -0.211 0.261 0.304 

IC_2 -0.023 0.201 0.214 

IC_3 0.208 0.246 0.321 

R_3 TC_13 0.009 0.185 0.233 

IC_1 -0.240 0.297 0.345 

IC_2 -0.049 0.201 0.250 

IC_3 0.158 0.228 0.274 

R_4 TC_13 -0.062 0.248 0.294 

IC_1 -0.326 0.396 0.445 

IC_2 -0.134 0.257 0.309 

IC_3 0.072 0.213 0.278 

R_5 TC_13 0.161 0.291 0.352 

IC_1 -0.091 0.269 0.336 

IC_2 0.107 0.269 0.325 

IC_3 0.317 0.329 0.415 

 

As shown in Fig. 29 and 30, the value and temporal variation of the simulated surface radiant temperatures of 

IC_1-3 and TC_13 were very close, and their temperature values were ranked from high to low as IC_3, TC_13, 

IC_2, and IC_1. To be more specific, as shown in Table 8, the largest difference among the MAEs and RMSEs of 

IC_1-3 and TC_13 was ranged about 0.06-0.26 ºC (about 0.14 ºC in average) and 0.09-0.25 ºC (about 0.15 ºC in 

average), respectively.  

3.2 Multispectral brightness-radiation correlation- and heat transfer-based simulation result 

Compared with the measurement-based surface radiant temperature, the results of the simulated surface radiant 

temperatures (Section 2.5) of case GC_1-4 for the studied regions on G3 NW wall surface are shown in Fig.31, and 

their MBE, MAE, and RMSE regarding the case GC_1, 2, 3, and 4 were shown in Table 9. 
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Figure 31. Measurement-simulation comparison for the case GC_1, 2, 3, 4 (shown in Table 2) in terms of the 

four studied regions (shown in Fig.5) 

Table 9. MBE, MAE, and RMSE between the measurement-based and simulated surface temperature of case 

GC_1, 2, 3, 4. 

Studied 

region 
Case MBE (ºC) MAE (ºC) RMSE (ºC) 

Sunlit_L GC_1 1.711 2.167 2.401 

GC_2 0.560 0.677 0.808 

GC_3 -0.064 0.203 0.249 

GC_4 0.764 0.945 1.075 

Shadowed_L GC_1 1.493 1.827 2.139 

GC_2 0.461 0.631 0.749 

GC_3 -0.086 0.174 0.200 

GC_4 0.642 0.829 0.998 

Sunlit_R GC_1 1.534 2.004 2.216 

GC_2 0.463 0.661 0.776 

GC_3 -0.109 0.283 0.328 

GC_4 0.681 0.863 0.976 

Shadowed_R GC_1 1.422 1.697 1.972 

GC_2 0.571 0.641 0.756 

GC_3 0.127 0.175 0.229 

GC_4 0.732 0.832 0.992 



112 
 

Fig. 31 reveals that the simulated radiant temperatures of case GC_3 were the closest to the measured ones with 

a very small differences, which was followed by GC_2 and GC_4; whereas, the GC_1’s results reveal the largest 

difference from the measured temperatures with lower temperatures in the morning and much higher peak 

temperatures. To be more specific as shown in Table 9, the MAE and RMSE for Sunlit_L/R and Shadowed_L/R 

were ranged 0.174-0.283 ºC and 0.2-0.328 ºC for case GC_3, respectively, which were obviously smaller than the 

0.631-0.677 ºC (MAE range) and 0.749-0.808ºC (RMSE range) for GC_2 as the second closest case to the measured 

temperatures with a difference of at least about 0.38 ºC and 0.45 ºC for MAE and RMSE, and up to about 0.47 and 

0.56 ºC for MAE and RMSE, respectively. When comparing with the GC_1 which was the most different case to 

the measured temperatures, the error differences were ranged about 1.5-2 ºC and 1.7-2.2 ºC for MAE and RMSE, 

respectively. 

Based on the above results, the general cluster (GC cases) which the target thermal combination belongs to can 

be determined as GC_3, four specific clusters of TC_13, TC_15, TC_10, and TC_11 included in GC_3 were also 

figured out to be the possible target thermal combinations for a further test. In terms of the case TC_13, TC_15, 

TC_10, and TC_11, the region-to-region (Sunlit_L/R and Shadowed_L/R as shown in Fig.5) comparison between 

the simulation results and the measured surface radiant temperatures were shown in Fig. 32, and their MBE, MAE, 

and RMSE were shown in Table 10. 
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Figure 32. Measurement-simulation comparison for the case TC_13, 15, 10, 11 (shown in Table 1) in terms of 

the four studied regions (shown in Fig.5) 

Table 10. MBE, MAE, and RMSE between the measurement-based and simulated surface temperature of 

case GC_1, 2, 3, 4 

Studied 

region 
Case MBE (ºC) MAE (ºC) RMSE (ºC) 

Sunlit_L TC_13 -0.064 0.203 0.249 

TC_15 -0.077 0.213 0.260 

TC_10 0.218 0.301 0.397 

TC_11 -0.139 0.235 0.275 

Shadowed_L TC_13 -0.086 0.174 0.200 

TC_15 -0.095 0.171 0.196 

TC_10 0.160 0.325 0.383 

TC_11 -0.159 0.214 0.240 

Sunlit_R TC_13 -0.109 0.283 0.328 

 TC_15 -0.118 0.288 0.338 

 TC_10 0.149 0.355 0.433 

 TC_11 -0.178 0.290 0.338 

Shadowed_R TC_13 0.127 0.175 0.229 

TC_15 0.125 0.173 0.224 

TC_10 0.326 0.358 0.440 

TC_11 0.058 0.158 0.200 
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As shown in Fig. 32, compared with the measured surface radiant temperatures, the TC_10 reveals a bit smaller 

temperatures in the morning and larger peak temperatures which times for the peak temperatures of the target points 

can be observed to be a bit earlier than TC_13, 15, and 11. Whereas, the simulated surface radiant temperatures and 

their temporal variation TC_13, 15, and 11 in terms of the target points were observed significantly close based on 

Fig. 32. To be more specific, Table 10 reveals that daily average MAEs and RMSEs from sunrise to sunset of the 

TC_10 were generally larger than the case with second largest MAEs and RMSEs by about 0.07-0.18 and 0.1-0.21, 

respectively. As shown in Table 5, TC_13 reveals smallest RMSEs for Sunlit_L and R; whereas the TC_15 and 

TC_11 reveal smallest RMSEs for Shadowed_L and R, respectively.  

As mentioned in Section 2.4, considering the RMSE of about 0.03 for estimating total albedo based on the 

narrowband albedos obtained by multispectral camera (Chapter 3), the sensitivities of the under- and over- estimated 

shortwave radiations on the simulated surface temperatures were also tested, which results were shown in Fig.33 for 

the solely case TC_13 and shown in Fig. 34 for TC_13, 15, and 11 compared with the measured surface temperatures 

in terms of the studied region of Sunlit_R and Shadowed_R (studied regions shown in Fig. 5). 

 

Figure 33. Surface temperature simulated with  𝑹𝒔𝒘_𝒂𝒃𝒔 , 𝑹𝒔𝒘_𝒂𝒃𝒔_𝒐𝒗𝒆𝒓, and 𝑹𝒔𝒘_𝒂𝒃𝒔_𝒖𝒏𝒅𝒆𝒓 for the case 

TC_13 (shown in Table 1) in terms of the studied region of Sunlit_R and Shadowed_R  
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Figure 34. Measurement-simulation comparison for the case TC_13, 15, 11 (shown in Table 1) in terms of the 

studied region of Sunlit_R and Shadowed_R 

Table 11. MBE, MAE, and RMSE between the measurement-based and simulated surface temperatures 

Studied region 

Shortwave 

radiation 

condition 

Case MBE (ºC) MAE (ºC) RMSE (ºC) 

Sunlit_R Normal TC_13 -0.109 0.283 0.328 

TC_15 -0.118 0.288 0.338 

TC_11 -0.178 0.290 0.338 

Underestimated   TC_13 -0.353 0.384 0.470 

TC_15 -0.361 0.387 0.472 

TC_11 -0.423 0.440 0.527 

Overestimated  TC_13 -0.009 0.171 0.212 

TC_15 -0.012 0.171 0.209 

TC_11 -0.078 0.184 0.233 

Shadowed_R Normal TC_13 0.127 0.175 0.229 

TC_15 0.125 0.173 0.224 

TC_11 0.058 0.158 0.200 

Underestimated  TC_13 0.294 0.407 0.615 

TC_15 0.281 0.385 0.596 

TC_11 0.220 0.375 0.569 

Overestimated TC_13 0.310 0.315 0.388 

TC_15 0.305 0.306 0.377 

TC_11 0.238 0.269 0.337 

As shown in the left Fig. 33, regarding the Sunlit_R as the region absorbing the largest shortwave radiation (Fig. 

11), the normal-underestimated and normal-overestimated absolute gaps were respectively up to about 0.27 ºC and 
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0.3 ºC until 13:07, whereas they turned much larger as up to about 0.67 ºC and 0.75 ºC around 16:10. Whereas, 

regarding the Shadowed_R as the region absorbing the smallest shortwave radiation, the right Fig.33 reveals that the 

normal-underestimated and normal-overestimated absolute gaps were respectively up to about 0.23 ºC and 0.29 º

C. Comparing the Fig. 34 with Fig.32 in terms of the region of Sunlit_R, the underestimated shortwave radiation-

based simulated surface temperatures were non-negligibly lower than the normal ones at 11:00-13:00 and 16:00-

18:00, whereas those based on the overestimated shortwave radiation were significantly higher than the normal ones 

between 14:00 and17:00. However, the difference between the normal simulated surface temperature (Fig. 32) and 

the simulated surface temperatures (Fig. 34) based on the over- or under-estimated shortwave radiation for the region 

of Shadowed_R was less obvious compared to the Sunlit_R. As shown in Table 11, the over- and under-estimation 

of shortwave radiation absorbed by the target region would lead to the larger MAEs and RMSEs, except for that the 

overestimated shortwave radiation-based simulated surface temperatures of TC_13, 15, and 11 were with the lower 

MAEs and RMSEs for the Sunlit_R. Compared with the normal simulated surface temperature as shown in Table 11, 

this exception also caused a different determination of the case with lowest MAE and RMSE when applying the over- 

and under-estimated shortwave radiation; whereas, other case with lowest MAE and RMSE would remain the same 

when the absorbed shortwave radiation turning to the over- and under-estimated ones. 

3.3 Influence of error of estimated albedos in simulation and estimating thermal properties 

 

Figure 35. Simulated surface temperatures when albedo is overestimated (0.57) or underestimated (0.63) for 

R_sunlit and R_shadowed regions. 

As shown in Fig.35, compared with the simulated surface temperature of the target regions when albedo is 0.6, their 

absolute difference is up to about 0.4 and 0.13 ºC, and average in about 0.19 and 0.09 ºC for the R_sunlit and 

R_shadowed, respectively. Regarding the influence on the estimation of thermal properties, the case TC_15 and 11 

were also input to test if the estimation results would be changed. Compared with the measured values, the simulated 
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surface temperatures for case TC_13, 15, and 11 when albedo is overestimated (0.57) or underestimated (0.63) for 

R_sunlit regions are shown in Fig.36. 

 

Figure 36. Simulated surface temperatures for case TC_13, 15, and 11 when albedo is underestimated (0.63, 

left) or overestimated (0.57, right) for R_sunlit, and lower table shows their RMSEs. 

As shown in the table of Fig.36, when albedo was overestimated (0.57), case TC_11 revealed the minimum RMSE, 

which would cause a mistaken estimation different from the estimation result of TC_13 when albedo was 0.6 and 

when albedo was underestimated (0.63). However, considering that larger error of absorbed shortwave radiation 

caused by the under- or over-estimated albedos as shown in Fig.35 appeared when absorbed shortwave radiation 

turned larger, the RMSE of simulated surface temperatures before 15:00 which input absorbed shortwave radiation 

was lower than 100 W/m2 was investigated as shown in the table of Fig.36. It reveals that TC_13 was the case with 

the minimum RMSE, which was in agreement with the results when albedo was 0.6  

 

3.4 Calculated thermal properties based on theoretical method 

The calculated thermal properties of the target surface based on theoretical method were about 7.27 W m-2 K-1 

and 418 KJ m-2 K-1 for thermal conductivity and heat capacity, respectively. Table 12 reveals the error of each typical 

case compared to these theoretical method-based calculated thermal properties. 

Table 12. Error and error percentage of the typical case compared to the theoretical method-based 

calculated thermal properties 

 
Albedo  

(-) 
RMSE of TC_13 

(ºC) 
RMSE of TC_15 

(ºC) 
RMSE of TC_11 

(ºC) 

R_sunlit 

0.6 0.328 0.338 0.338 

0.63 0.386 0.401 0.433 

0.57 0.403 0.403 0.369 

0.57 (~14:09) 0.215 0.227 0.257 
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 Thermal conductivity Heat capacity 

 Error [W m-2 K-1] Error percentage [%] Error [KJ m-2 K-1] Error percentage [%] 

TC_1 (GC_1) -6.8 -94.0 -397.6 -95.1 

TC_2 -6.7 -92.6 -221.0 -52.9 

TC_3 -6.7 -92.4 -366.1 -87.6 

TC_4 -6.3 -87.2 -4.2 -1.0 

TC_5 -6.3 -86.8 -114.5 -27.4 

TC_6 -5.9 -81.3 -402.7 -96.3 

TC_7 -5.9 -80.5 -332.3 -79.5 

TC_8 (GC_2) -4.6 -62.6 -43.0 -10.3 

TC_9 -3.0 -41.2 -390.5 -93.4 

TC_10 -2.7 -36.9 -10.6 -2.5 

TC_11 -2.4 -33.3 209.1 50.0 

TC_12 -0.3 -4.2 -386.0 -92.3 

TC_13 (GC_3) -0.1 -1.1 -1.3 -0.3 

TC_14 (GC_4) 1.0 13.4 -334.4 -80.0 

TC_15 1.1 15.5 -39.0 -9.3 

TC_16 2.2 30.1 -245.3 -58.7 

TC_17 5.2 71.5 -403.3 -96.5 

 

4. Discussion 

4.1 Evaluation of estimation method  

The determination of the typical case of thermal properties closest to the actual thermal properties is suggested 

to follow two steps: first is to determine the one among four general clusters which the possible cases belong to (as 

shown in left Fig. 10); second is to determine the specific case which performance on surface temperatures closest to 

that of the actual thermal properties (as shown in Fig.9 and right Fig.10). Regarding the thermal properties of the 

target surface estimated in this chapter, the above-proposed first step to determine the one among four general clusters 

which the possible cases belong to was according to the results of the point-to-point comparison (ten studied points 

as shown in Fig. 2) between the simulated surface radiant temperatures and measured ones. Based on the comparison 

results that the simulated surface radiant temperatures of GC_3 were the closest to the measured ones with a very 

small difference mostly less than 0.3 ºC but the GC_2 as the second closest case reveals a difference up to above 1 

ºC from the measured temperatures (Fig.19 and 20), and the daily MAEs and RMSEs of GC_3 were smaller than 

those of GC_2 by at least about 0.37 ºC for both daily MAEs and RMSEs, and up to about 0.67 and 0.72 respectively 
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for daily MAEs and RMSEs (Table 4), it was simple and clear to determine that the GC_3 was the one which the 

possible cases belong to. Second step to determine the specific case among TC_13, 15, 10, 11 within the determined 

cluster (GC_3) closest to the actual thermal properties was based on the results of both the point-to-point comparison 

(ten studied points as shown in Fig. 2) and grid-to-grid comparison (100*100mm as grid size and 27000-30000 as 

the total number, process as shown in Fig. 4). As shown in Fig.19 and 20, the TC_10 reveals smaller simulated radiant 

temperatures in the morning, larger peak temperatures, and a bit earlier time for peak temperatures, compared with 

the measured ones, demonstrating that TC_10 was not the case which performance on surface temperatures closest 

to that of the actual thermal properties. It was further proved by the histogram of the AEs within the studied day (Fig. 

21) and the relatively large daily RMSE, MBE, and frequency of AEs above 0.5 ºC (Table 6) of TC_10. However, 

the left three cases of TC_13, 15, and 11 were much difficult to be distinguished, due to their close performance on 

the simulated surface radiant temperatures and their temporal variations as shown in Fig. 21 and 22 and quite similar 

daily MAEs and RMSEs as shown in Table 5. However, considering the case dominating the most points among ten 

studied points with the smallest RMSE, TC_13 was fractionally ahead with smallest RMSEs for 5 points, followed 

by the TC_11 and TC_15 with smallest RMSEs for 3 and 2 points, respectively. Furthermore, TC_13 with the largest 

number of the relatively low hourly AEs less than 0.3 ºC and the smallest number of relatively high hourly AEs 

above 0.5 ºC and 0.7 ºC (Fig. 21 and Table 6) showed a narrow lead compared to TC_11 and 15. Regarding the 

grid-to-grid comparison results shown in Table 7, TC_13 demonstrates the closest-to-zero MEs and smallest MAEs 

and RMSEs even though the largest difference of the MAEs and RMSEs among TC_13, 15, and 11 was very small, 

which was up to only 0.16 ºC except for the moment of 13:08. TC_15 performed best at 13:08 with smaller MAEs 

and RMSEs by respectively 0.003 ºC and 0.002 ºC compared with TC_13. Hence, TC_13 was regarded as the one 

with the thermal properties closest to the actual ones due to its limited advantages as discussed above.  

The estimated thermal properties of TC_13 was validated by a theoretical method based on ISO 6946, which 

results demonstrated that the estimation results were representative because the estimated and theoretical values were 

only 1.1% and 0.3% different respectively for thermal conductivity and heat capacity, which was much less than 20% 

as the criterium to decide if the estimated thermal properties are representative as stated in section 7.3 of ISO9869-

1. As shown in Fig.6, the mean absolute error (MAE) of this estimation method on thermal properties of building 

surface is theoretically calculated to be about 0.3 W m−2 K−1 in thermal conductivity and 15 kJ m−2 K−1 in heat 

capacity. Compared with a high accuracy with a very low AE of about 0.07-0.1 W m−2 K−1 by using the QIRT method 
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and 0.03-0.15 W m−2 K−1 by applying HFM for estimating the U-value of the heavy wall (heat capacity above 150 

kJ m−2 K−1) studied by R. Albatici, et. al[57], the accuracy of the estimation method on thermal conductivity proposed 

here is lower than QIRT and HFM by about 0.2-0.23 and 0.15-0.27 W m−2 K−1 in AE, respectively. However, 

regarding the HFM method, as mentioned in Introduction (section 1), the required multiple pieces of the equipment 

and long period for a single building wall cause that it cannot adopt well for neighborhood scale. Regarding the QIRT 

method, the requirement of environmental conditions are very strict to guarantee the accuracy and reliability of the 

estimated U-values: measurement performed in the early morning before the sunrise with overcast sky, local wind 

speed near the building façade lower than 0.5m/s during the monitoring, high air temperature gradient between inside 

and outside of at least 15 ºC, and outdoor temperature with low swing (less than 6 ºC) in the 12 hours prior to the 

monitoring. Actually all these requirements are established to guarantee the environmental conditions to be similar 

to steady state, but they were not met at all in my study: measurement performed from sunrise to sunset with a clear 

sky, in-situ wind speed mostly above 0.5m/s, inside-outside temperature gradient lower than 6 ºC, and outdoor 

temperature with a relatively large swing during the monitoring. It suggests that due to the different purpose to 

develop the methods for estimating thermal properties, the accuracy of this proposed estimation method on thermal 

properties is lower than commonly used QIRT and HFM methods, but its advantage in time, equipment, and labor 

saving would bridge the gap of estimating thermal properties in block/neighborhood and even larger scale. However, 

the findings presented in this chapter show that the typical case with the thermal properties closest to the actual ones 

could be figured out for the concrete construction (heavy), while further studies are still needed to validate this method 

for different heavy constructions and to test if it can be applied for light and super-insulated constructions. 

Considering the determination on TC_15/11 instead of TC_13, which is very likely to occur, due to their very 

close performance on the surface radiant temperatures, the estimated and theoretical values were about 15.5% and 

9% different respectively for thermal conductivity and heat capacity for TC_15, whereas about 33.3% and 50% for 

TC_11. According to the ISO9869-1, regarding the TC_15, the difference between the estimated and theoretical 

thermal properties were still less than 20%, which can be regarded as the representative. However, the large difference 

of up to 50% between the estimated and theoretical thermal properties cannot be regarded as reliable (more detailed 

discussion refers to section 4.3). In addition, regarding that the function of the estimated thermal properties in this 

chapter is to explore the radiative and heat exchange between the urban surfaces and the atmosphere and thus to 

identify areas with severe outdoor thermal conditions and to examine the potential UHI mitigation strategies, the 

difference of building surface temperatures and sensible heat flux should be considered when mistaking the TC_15 
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and 11 instead of the TC_13. Based on the hourly average of surface temperature difference of the ten studied points 

(left Fig.33) between TC_15/11 and TC_13, the hourly difference of the estimated sensible heat flux emitted from 

the target wall surface was shown in right Fig. 37 by using the Jurges’ model-based calculated convective heat transfer 

coefficient. As shown in left Fig.37, due to the very close hourly simulated surface temperatures of TC_15 and 11 

compared with TC_13 with an absolute difference of up to around 0.1 ºC and 0.2 ºC, respectively, the absolute 

difference of the estimated sensible heat flux of TC_15 and 11 compared with TC_13 was up to only around 1 W/m2 

and 1.5 W/m2. Taking the GC_2 (the second closest case among the four general cases) and GC_4 (the most different 

case among the four general cases) as examples to indicate how small the difference of sensible heat flux is for TC_15 

and 11, the difference of surface temperature was respectively above 1 ºC and 4 ºC from 11:00 to 17:00 for GC_2 

and 4 when comparing with the GC_3/TC_13 (Fig.19 and 20), the surface temperature difference of 1 ºC and 4 ºC 

would cause a difference of sensible heat flux ranged around 11-13 W/m2 and 44-52 W/m2 in this period, respectively. 

Hence, compared with the TC_13 with the thermal properties closest to the theoretical method-based calculated ones 

for the target surface, the negligible difference of the performance of TC_15 and 11 on surface temperature and 

emitted sensible heat flux reveals that applying the confusing case in the same season for predicting the surface 

temperature and sensible heat flux would be also reliable, which error is probably very small and even may be 

negligible. 

 

Figure 37. Estimated difference of the surface temperature (left) and emitted sensible heat flux (right) of 

TC_15 and 13 compared with that of TC_13 

The simulation results based on multispectral brightness-radiation correlation and heat transfer model were very 

similar to the ones based on THERMORender model as discussed above. Based on the region-to-region (four small 

regions as shown in Fig. 5) difference of the simulated surface temperatures of GC cases compared with measured 

ones shown in Fig. 33 and Table 9, it was also simple and clear to determine that the GC_3 was the one which the 
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possible cases belong to. However, the largest difference of the MAEs and RMSEs among TC_13, 15, and 11 was 

very small, which was up to only 0.22 ºC, causing the determination on specific case very hard and easy to confuse 

(Fig.34 and Table 10). 

Three considerations to decide the number of points/regions for point-to-point/region-to-region comparison are 

suggested for other studies or practices using the estimation method developed in this thesis. First, more information 

should be obtained by the selected points, which include different temporal variation of sunlit and shadowed 

conditions of the study points (Fig.3) and the points should keep a certain distance to guarantee the different received 

heat flux. Second, the points should be located systematically which can reduce the influence of the occasional 

thermal disturbance occurred in some certain regions of target surface. Third, the time and workload efficiency should 

also be taken into the consideration. If the existing study points already contain the sufficient information of the 

regions with shadowed-sunlit transitions. Even though we can select more points, they may show very similar 

variation of surface temperatures as the existing study points which probably not be as needed and representative as 

the existing study points.  

With the selection of the systematic points/small regions avoiding the inappropriate regions involved thermal 

bridges, thermal anomalies, and hidden by surroundings in the infrared images and involving both the sunlit and 

shadowed surface regions, the point-to-point/region-to-region comparison is suggested to figure out the general 

cluster which the possible case belongs to due to its cheaper calculation amount. Furthermore, it is also suggested to 

primarily figure out the more potential specific cases within the determined general cluster. The grid-to-grid 

comparison may be useful to determine the case with the thermal properties closest to the actual ones. However, the 

process for a grid-to-grid comparison is more complicated, and the improved accuracies of the estimated thermal 

properties probably lead to a small improvement of the accuracies of the surface temperature and emitted sensible 

heat flux of approximately 0.1-0.2 ºC and 1-1.5 W/m2 as discussed before (Fig.37). Whether to conduct the grid-to-

grid comparison should depend on the requirement of the accuracies of the estimated thermal properties and the time 

and workload efficiency, how different the potential cases within the determined general cluster are, and how large 

the difference would be on the surface temperature and emitted sensible heat flux caused by the different thermal 

properties of these potential cases. In addition, about one point per 25 m2-surface area in our case was tested to be 

sufficient, which can be regarded as a rough guide when objective is a relatively large public building. However, if 

the objective is a small residential building, this guide should be adjusted into one point per 5/10 m2-surface area. 
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Regarding the influence of error of estimated albedos (Chapter 3) in the simulation results and estimating 

thermal properties, case TC_11 revealed the minimum RMSE when albedo was overestimated (Fig.36), which would 

cause a mistaken estimation different from the estimation result as TC_13 when albedo was not mis-estimated. 

However, the RMSE of simulated surface temperatures before 15:00 which input absorbed shortwave radiation was 

lower than 100 W/m2 reveals that TC_13 was the case with the minimum RMSE (table of Fig.36), demonstrating 

that the mistaken evaluation on thermal properties caused by the error of estimated albedo may be avoided by 

selecting the target regions with less at-surface solar radiation or the hours being shadowed. In addition, to select 

more study points/regions and hours can also reduce the errors caused by the mis-estimated albedos.  

 

4.2 Sensitivity analysis 

The indoor air temperatures of the target building were measured by setting three thermometers inside the target 

building in this chapter. Considering the difficulties to put the thermometers inside the target buildings in 

neighborhood and even larger scale, the assumption of the indoor air temperatures may be needed when applying this 

estimation method. With the assumption of the indoor air temperature of constant 28, 29, and 30 ºC, the largest 

difference among the MAEs and RMSEs of IC1-3 and TC_13 was respectively about 0.14 and 0.15 ºC in average, 

and up to about 0.26 and 0.25 ºC (Table 8), revealing that the wall surface temperature is not very sensitive to the 

indoor air temperature within 2 ºC. Moreover, the influence of the assumed indoor air temperature can be figured out 

by the systematic RMSE, because the simulated surface temperatures of IC_1-3 with different indoor air temperatures 

demonstrate a relatively consistent temporal variation which can be observed by the parallel curves representing the 

temperature variations of IC_1-3 as shown in Fig. 27 and 28. Hence, the assumption of indoor air temperatures within 

a limited difference from the actual ones (e.g., a difference within 2 ºC in summer) is probably acceptable when 

applying this estimation method in practice without accessing the buildings. However, the assumption of the indoor 

air temperature with a larger difference from the actual ones and other seasons with different indoor-outdoor 

temperature gradient should be tested to evaluate the sensitivity of the assumed indoor air temperatures on the 

accuracy of this estimation method. Another possible solution to measure it without accessing the indoors is to 

measure the window glass surface temperature, which is very close to the indoor air temperature. The common 

infrared thermal camera with an 8-14μm wavelength cannot accurately measure the glass temperature due to the 

reflection of temperature from objects behind or near to the glass at longer wavelengths. However, the infrared camera 
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with a wavelength within 6-8μm can eliminate any reflection from other objects, resulting in accurate measurement 

on glass temperature, such as the thermoIMAGER G7 (Micro-Epsilon, UK) at a wavelength of 7.9μm. 

Regarding the sensitivity of the over-and under-estimated shortwave radiation due to the error on estimated 

albedo on the simulated surface temperature and the determination of the typical case with thermal properties closest 

to the actual ones, the absolute gaps between the cases with the normal and under- /over-estimated shortwave 

radiation were up to around 0.3 ºC when the target surface region (0.6 in albedo) is shadowed or with shortwave 

radiation reflected by itself of less than 100W/m2 (Fig.15 and Fig.31). However, if the shortwave radiation reflected 

by the target surface region is relatively large as above 100W/m2, the errors caused by over-/under-estimation of 

shortwave radiation absorbed by the target surface can cause a temperature difference of up to 0.67/0.75 ºC, which 

may lead to a different determination of the typical case with thermal properties closest to the actual ones (e.g., the 

case varied when shortwave radiation was overestimated as shown in Table 11). Considering the above-discussed 

sensitivity of the estimated over-and under-estimated shortwave radiation on the simulated surface temperature and 

the condition under a clear sky is easier to be reproduced in THERMORender model, this method can be a supplement 

to be used for the conditions under an overcast or partly cloudy sky. 

4.3 Limitation 

The estimation method proposed in this chapter is generally limited to the prior known typical combinations of 

thermal properties of building surfaces. However, once the typical combinations of thermal properties are obtained 

as the ones in this chapter, they could be used for all the current estimations based on this method. In addition, since 

this estimation method is limited to the prior known database, another estimation method will be studied for new 

materials in future. Without the requirement of the database and its clustering, the new estimation method will use 

the simulated heat flux received by the building surface, internal wall surface temperature, external wall surface 

temperature to calculate the thermal properties values by using transient heat conduction equation 

The case TC_11, which value of the heat capacity and thermal properties were not so close to the TC_13, reveals 

the closest simulation result as that of TC_13. The reason is due to the larger heat capacity and smaller thermal 

conductivity of TC_11 case, compared to TC_13. In terms of the summer season, the effect of larger heat capacity 

of TC_11 is to reduce the external surface temperature, whereas its smaller thermal conductivity can increase the 

external surface temperature. Hence the compromise caused by the reduction effect of larger heat capacity and 

increase effect of smaller thermal conductivity of TC_11 leads to its simulation result closest as that of TC_13. This 
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unexpected result demonstrates the limitation of the estimation method on thermal properties proposed here, i.e., 

regarding the summer season, the compromise effect of the larger heat capacity and smaller thermal conductivity and 

vice versa. When considering this limitation for the winter season, the larger thermal conductivity leads to the increase 

of the external surface temperature as the opposite variation compared to the summer. It thus suggests that the hourly 

variation of surface temperature of the combination of larger thermal conductivity and heat capacity may be close to 

the combination of lower thermal conductivity and heat capacity, such as the TC_13 and TC_11(Fig.19 and 20), and 

GC_2 and GC_4 (Fig.17 and 18, not as constant as TC_13 and 11, but their simulated temperatures were much closer 

than the expectation based on their input thermal properties). 

This limitation decides that the estimated thermal properties should be limited to be applied on the same season 

as the one to conduct this estimation method. However, with the adoption limitation in terms of the season, even 

though the estimated thermal properties are not close to the actual ones due to the compromise effect as mentioned 

above, these estimated thermal properties for the target block or neighborhood as the input for SEB simulation would 

guarantee the very similar-to-actual influence of the target block or neighborhood on their external surface 

temperature, emitted sensible heat flux, and UHI. 

In addition, to break through this limitation, to conduct this estimation method in both summer and winter would 

be effective. Because the effect of larger thermal properties shows opposite variation in external surface temperature, 

which can contribute to get rid of the different compromise effect in each season. 

5. Summary and future work 

An estimation method on thermal properties was proposed in this chapter, coupling the use of multispectral RS 

and SEB model-based simulation. Taking a concrete building in a block in a university campus (Yokohama city, 

Japan) as a target building, the multispectral and hourly infrared thermal images from sunrise to sunset of the target 

building were taken, and meanwhile the indoor air temperature and weather data were measured in site. The typical 

7 cases (4 cases of GC_1-4 representing the general clusters and specific 3 cases of TC_15, 10, and 11 within the 

determined general cluster (TC_13 was not mentioned here because it was the same as GC_3) were input as possible 

thermal properties of the target building in SEB simulation with other boundary conditions of the measured indoor 

air temperature and weather data, and the estimated albedo of the target building (Chapter 2). Among these cases, the 

case TC_13 which simulated radiant surface temperatures of target building revealing the most consistent with the 

measured temperatures was regarded as the one closest to actual condition, and its thermal properties were regarded 

as the estimated results. The main findings of this chapter are as follows: 
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(1) The determination of the typical case with the thermal properties closest to the actual thermal properties is 

suggested to follow two steps in order to reduce the simulation time and computational cost: first is to determine 

the one among four general clusters which the possible cases belong to; second is to determine the specific case 

belonging to the above-determined general cluster which performance on surface temperatures closest to that of 

the actual thermal properties. 

(2) The typical case with the thermal properties closest to the actual ones was figured out for the target concrete wall 

surface (heavy construction) with a very low AE of only 0.1 W m−2 K−1 (1.1%) and 1.3 KJ m−2 K−1 (0.3%) in 

thermal conductivity and heat capacity, respectively. 

(3) The MAE of this estimation method on thermal properties of building surface is theoretically calculated to be 

about 0.3 W m−2 K−1 in thermal conductivity and 15 kJ m−2 K−1 in heat capacity. Due to the different purpose to 

develop the methods for estimating thermal properties, the accuracy of this proposed estimation method is lower 

than QIRT and HFM methods, but its advantage in time, equipment, and labor saving would bridge the gap of 

estimating thermal properties in block and neighborhood scale. 

(4) The determination on TC_15/11 instead of TC_13 is very likely to occur, because their performance on the 

surface radiant temperatures were very similar. The estimated and theoretical values were about 15.5% and 9% 

different respectively for thermal conductivity and heat capacity for TC_15, whereas about 33.3% and 50% for 

TC_11. According to the criterium given by ISO9869-1 that the difference between the estimated and theoretical 

thermal properties should be less than 20%, the TC_15 can be regarded as representative whereas the TC_11 

cannot be regarded as reliable which reveals the main limitation of this method. 

(5) Regarding the main limitation of this estimation method, the compromise in summer caused by the temperature 

reduction effect of a larger heat capacity and increase effect of a smaller thermal conductivity as a combination 

may lead to its simulation result very close to the actual condition but a much larger error of the estimated thermal 

properties (e.g., when determining on TC_11, the AE percentage is about 33.3% and 50% respectively for thermal 

conductivity and heat capacity). While considering the winter season, the larger thermal conductivity leads to the 

increase of the external surface temperature as the opposite variation compared to the summer. Hence the 

estimated thermal properties are limited to be applied on the same season as the one to conduct this estimation 

method. With this adoption limitation, even though the estimated thermal properties are not close to the actual 

ones due to the above-mentioned compromise effect, these estimated thermal properties as the input for SEB 

simulation would guarantee a similar-to-actual influence of the target block or neighborhood on their external 
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surface temperature and emitted sensible heat flux (e.g., an absolute difference of up to about 0.2 ºC in surface 

temperature and 1.5W/m2 in emitted sensible heat flux of TC_11 compared with TC_13). In addition, to conduct 

this estimation method in both summer and winter would be effective to breakthrough this limitation. 

(6) The assumption of indoor air temperatures within a limited difference from the actual ones (e.g., a difference 

within 2 ºC in summer) is probably acceptable when applying this estimation method in practice without 

accessing the buildings. 

(7) Regarding the multispectral brightness-radiation correlation- and heat transfer-based simulation, if the shortwave 

radiation reflected by the target surface region is relatively large as above 100W/m2, the errors caused by over-

/under-estimation of shortwave radiation (due to the RMSE for estimating albedo of about 0.03 as given in 

Chapter 2) absorbed by the target surface can cause a temperature difference of up to 0.67/0.75 ºC, which may 

lead to a different determination of the typical case with thermal properties closest to the actual ones. Hence, this 

method is limited to be applied when the target surface region with a not low albedo (0.6 in this chapter, lower 

albedos should be tested in future) is shadowed or with shortwave radiation reflected by itself of less than 

100W/m2. Considering the condition under a clear sky is easier to be reproduced in THERMORender model, 

this method can be a supplement to be used for the conditions under an overcast or partly cloudy sky. 

Although the estimation method proposed in this chapter is limited to the prior known typical combinations of 

thermal properties of building surfaces, with the adoption limitation in terms of the season, and its accuracy is lower 

than the current in-situ estimation methods, it is time-, equipment-, and labor-saving compared to current in-situ 

measurement methods for assessing building surface thermal properties. To integrate with the vehicle or unmanned 

aerial vehicle, this estimation method coupling with the albedo estimation method proposed in Chapter 3 is allowed 

for obtaining both the actual thermal properties and meanwhile the total global albedo of urban surfaces in order to 

improve the SEB model performance on an urban block, neighborhood, and even larger scale.  
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CHAPTER 5: CONCLUSIONS 

Surface energy balance (SEB) model is commonly used to explore urban surface-atmosphere heat exchange, 

which quality is affected by the input of thermophysical properties of urban surface. Coupling the multi-spectral 

remote sensing and SEB-based numerical simulation, this thesis proposes a new estimation method on 

thermophysical properties (i.e., albedo, thermal conductivity, and heat capacity) of building surfaces at a block or 

neighborhood scale.  

In Chapter 2, taking a block in university campus in Yokohama city, Japan as a study area, the effect of 

thermophysical properties of building wall and roof surface were estimated in terms of the surface temperature and 

sensible heat flux, demonstrating that a non-negligible temperature difference behaved by building surface with 

different thermophysical properties, suggesting a large potential of the proposed estimation method to be workable. 

Meanwhile, the SEB model sensitivities of the building surface temperature in terms of the thermophysical properties 

were also studied, showing that the SEB model sensitivity of the surface temperature to thermal properties for the 

façade is close to that of the albedo. The sensitivity to Δλc of 1 Wm-2K-1 (1/11 of the civil engineering range) and a 

ΔCa of 50 kJm-2K-1 (1/10 of the civil engineering range) are both close to 0.1 ºC, and the difference owing to the 

orientation is slight. It demonstrates that the SEB model sensitivity is sufficient to distinguish the different thermal 

properties. In addition, the combined modification of thermal properties can enlarge the accumulated cooling effects 

of individual modifications but can also reduce or even eliminate their single effects, which depends on how to 

modify the thermal properties. However, this combined effect would not be a compromise but an accumulated cooling 

or warming effect in the opposite season, and vice versa, revealing the possible problem (two very different 

combinations of thermal properties showing similar performance on surface temperatures, which cannot be 

distinguished) and potential solution (to conduct measurement once more in opposite season) of the estimation 

method developed in this thesis (Chapter 4.3). 

In Chapter 3, the technique process and three narrow-to-broadband (NTB) conversion models were developed 

to estimate the total shortwave albedo of the building surface based on the multispectral RS (ground-based in this 

research). Based on the measured spectral reflectances of urban surfaces and simulated at-surface solar spectral 

irradiances under various conditions (season, solar zenith angle, and horizontal/vertical surface), we simulated 

datasets of extensive spectral albedos of urban surfaces. Based on the built datasets of various at-surface solar 

irradiances and spectral albedos, we developed three NTB conversion models following published methodologies for 

three common UAV-based multispectral cameras, and evaluated their performance as well as the camera capacity to 
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estimate broadband albedo. In addition, the models’ sensitivities to the solar conditions and the surface material class 

were analyzed. These models were also validated using independent sample surfaces covered by different 

construction materials. Based on the proposed technique process and NTB models, the root mean square error (RMSE) 

of the estimated albedo is less than 0.033, which are acceptable for SEB modeling. Among the developed three 

models, Model_phy_reg’s performance was the most accurate, stable, and robust, suggesting that the physical 

constraint used to develop the NTB conversion model may contribute to its applicability and robustness.  

In Chapter 4, the thermal properties (i.e., thermal conductivity and heat capacity) of the building surface were 

estimated based on multispectral RS and SEB model-based simulation. Taking a concrete building in a block in a 

university campus (Yokohama city, Japan) as a target building, the multispectral images and hourly infrared thermal 

images from sunrise to sunset of the target building were taken, and meanwhile the indoor air temperature and weather 

data were measured in site. Typical combinations of thermal properties of building surface were characterized by 

clustering into 4 general clusters and 17 specific clusters based on a database established here. First the general and 

then the specific cases were input as possible thermal properties of the target building in SEB simulation with other 

boundary conditions of the measured indoor air temperature and weather data, and the estimated albedo of the target 

building (Chapter 2). First, the results showed that the estimated thermal properties based on this developed 

estimation method were with a very low AE of only 0.1 Wm-2K-1 (1.1%) and 1.3 KJm-2K-1 (0.3%) in thermal 

conductivity and heat capacity calculated according to the well-documented wall component and theoretical method 

(ISO6946), respectively. It validates the effectiveness of this developed estimation method on thermal properties of 

building surfaces. Second, accuracy of applying this developed estimation method in theory is about 0.3 [Wm-2K-1] 

in λc and 15 [kJm-2K-1] in Ca as the mean absolute error. Third, mistaken estimation when applying this estimation 

method may happen, which estimated combination of thermal properties could be so different from the actual one 

due to the combined effect of a combination of thermal properties as a compromise as mentioned in Chapter 2. 

However, these estimated λc and Ca are applicable in same season, which error in SEB-based simulated surface 

temperatures and sensible heat flux can be ignored even though the estimated thermal properties are not close to the 

actual ones due to the above-mentioned compromise effect. According to some findings in Chapter 2, this limitation 

due to the compromise effect can be effectively overcome by applying this method once more in opposite season or 

extending measurement period until night.  

As a conclusion, coupling the use of multispectral RS and SEB-based numerical simulation, a new estimation 

method on thermophysical properties of building surfaces at block and neighborhood scale is proposed and primarily 
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proved to be effective and applicable to obtain thermophysical properties of common heavy wall composed of 

concrete with a surface reflectance near isotropic. The accuracy of this estimation method on thermal properties 

(mean AE of about 0.3 [W m-2K-1] in λc and 15 [kJ m-2K-1] in Ca in theory) are relatively lower compared to the in-

situ estimation methods, and that for estimating albedo (RMSE of about 0.03) is close to the satellite/airborne RS 

methods. Both the estimated albedo, thermal conductivity, and heat capacity based on this developed estimation 

method are sufficient and applicable for SEB modeling at block or neighborhood scale. This estimation method is 

limited to be applied for estimating the albedos of the Lambertian building surfaces and the estimated thermal 

properties are limited to be applied on the same season as the one to conduct this estimation method. However, 

considering the reflectance of most construction materials used for building walls and roofs is near isotropic as 

Lambertian, to attach an isotropic-reflection material to the limited building surfaces which original materials’ 

reflectance are anisotropic can probably overcome the former limitation. To apply this estimation method on thermal 

properties once more in the opposite season or extending the measurement period until night may break through the 

latter limitation. In future, to integrate with the vehicle or unmanned aerial vehicle, this estimation method on 

thermophysical properties of urban surfaces is allowed for obtaining both the actual thermal properties and meanwhile 

the total global albedo of urban surfaces in order to improve the SEB model performance at an urban block, 

neighborhood, and an even larger scale. 
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