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Understanding Perception of Different Urban Thermal Model Visualizations 

 

Gunjan Barua 

 

Abstract 

 

While satellite-based remote sensing techniques are often used for studying and visualizing the 

urban heat island effect, they are limited in terms of resolution, view bias, and revisit times. In 

comparison, modern UAVs equipped with infrared sensors allow very fine-scale (cm) data to be 

collected over smaller areas and can provide the means for a full 3D thermal reconstruction over 

limited spatial extents. Irrespective of the data collection method, the thermal properties of cities 

are typically visually represented using color, although the choice of colormap varies widely. 

Previous cartographic research has demonstrated that colormap and other cartographic choices 

affect people’s understanding. This research study examines the difference in map reading 

performance between satellite and drone-sourced thermal pseudo-color images for three map 

reading tasks, the impact of color map selection on map reading, and the potential benefits of 

adding shading to thermal maps using high-resolution digital surface models for improved 

interaction. Participants expressed a preference for the newly designed rainbow-style color map 

"turbo" and the FLIR “ironbow” colormap. However, user preferences were not strongly related 

to map reading performance, and differences were partly explained by the extra information 

afforded by multi-hue and shading-enhanced images. 
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General Audience Abstract 

 

While satellite-based remote sensing techniques are often used for studying and visualizing the 

urban heat island effect, they are limited in terms of resolution, view bias, and revisit times. In 

comparison, modern drones or Unmanned Aerial Vehicles (UAVs) equipped with infrared 

sensors allow very fine-scale (cm) data to be collected over smaller areas and can provide the 

means for a full 3D thermal reconstruction over a small area. Irrespective of the data collection 

method, the thermal properties of cities are typically visually represented using color, although 

the choice of colormap varies widely. Previous cartographic research has demonstrated that 

colormap and other cartographic choices affect people’s understanding. This research study 

examines the difference in map reading performance between satellite and drone-sourced 

thermal pseudo-color images for three map reading tasks, the impact of color map selection on 

map reading, and the potential benefits of adding hillshade augmentation to thermal maps using 

high-resolution digital surface models for improved interaction. Participants expressed a 

preference for the newly designed rainbow-style color map "turbo" and the FLIR “ironbow” 

colormap. However, user preferences were not strongly related to map reading performance, and 

differences were partly explained by the extra information afforded by multi-hue and shading-

enhanced images. 
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1. Introduction 

The term Urban Heat Island Effect (UHIE) was coined more than 200 years ago by Luke 

Howard in The Climate of London (1818) and describes the phenomenon of warmer 

temperatures in urban areas compared to the surrounding areas. In the United States, cities are 

typically 1 to 4 °C hotter compared to surrounding rural areas (US EPA, 2022). As a result, 

human health (Ebi et al., 2018; Habeeb et al., 2015) and urban infrastructure (Clark et al., 2018; 

Sailor et al., 2019) are negatively impacted. Growing evidence suggests that heat exposure also 

disproportionally impacts low-income communities and people of color (Wilson, 2020; 

Klinenberg, 2003).  

Urban heat can be a significant issue, but it is not always immediately noticeable to residents 

(Guardaro et al., 2020). There are gaps in data and understanding of the causes and effects of 

extreme heat (Wilson, 2020), which makes it difficult to prioritize efforts to reduce its impact 

(Meerow & Keith, 2021). Making temperature distribution maps easily accessible and 

understandable could lead to greater engagement and more effective decision-making for heat-

resilient community planning as visualizations can impact decision-makers and stakeholders 

(Zhu & Chen, 2008). 

Image resolution in visualizations plays an important role in decision-making as higher-

resolution visualizations enhance performance due to better visual perception details (Yeshurun 

& Carrasco, 1998). Lowering the resolution decreases the signal-to-noise ratio, resulting in 

difficulty in differentiating signals (Rajashekar et al., 2006). On the other hand, the selection of 

colormaps influences a user’s data visualization comprehension (Schloss et al., 2019). A proper 

colormap can effectively enhance the expressiveness and persuasiveness of data in visual 



 

2 

 

representations (Nagoor et al., 2017). An accurate selection of colormap can improve the 

objective performance of tasks, arouse affective resonance, and raise visual immersion (Zhang et 

al., 2021).  

For this research, a user study tested ways to visualize the urban thermal environment using the 

drone and satellite-sourced imagery. The user performance (accuracy and response time) on 

three map-reading tasks was tested. In scientific cartography, it is common to evaluate maps 

using techniques like experimental psychology (Board, 1978). Like any other maps, thermal 

maps require content and construct validation (Anastasi, 1968). Thus, map reading tasks are 

efficient techniques for evaluating the effectiveness of the maps. Apart from the colormaps, and 

resolution, shading augmentation was also applied to develop thermal visualizations in this 

study. Thermal maps represented using colors and shading can help alleviate the confusion 

usually developed by map users (Patterson and Jenny, 2014).  

The map reading tasks consisted of visualizations where mosaiced orthoimagery from both 

satellite and drone using several different colormaps and additional augmentation (e.g, shading) 

were tested. An initial pilot testing round helped narrow down the variables before full user 

testing. The study looked into three hypotheses. 

● It is expected that some colormaps will show significant improvement over others, 

according to an ANOVA analysis. Turbo and ironbow colormaps are expected to perform 

best. 

● Based on users’ perceptions, The high-resolution urban heat map is expected to perform 

better than the lower-resolution, satellite-derived heat map.  
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● Maps with cartographic augmentations, such as shading, is expected to perform better 

than those without the augmentation.  
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2. Background 

2.1.The problem with the UHIE 

The UHIE is caused by using concrete and other human-made materials that absorb and re-emit 

heat to a greater degree than natural materials (Howard, 1818). The problem is expected to 

increase during the next century, as cities expand in size and population, simultaneously 

increasing temperatures and exposing more people to them. The UN Environment Programme 

(2021) estimates that by the year 2100, the average temperature of cities may increase up to 4 oC 

over a 2006-2015 baseline and expose 2.3 billion people to severe heat waves which are more 

common with the UHIE and are associated with many negative health outcomes (Harlan et al., 

2007). In the United States, death from heat exposure is not particularly common in absolute 

terms (3.1 of 1 million deaths; Lowe, 2016), but it is the number one weather-related cause of 

death averaged over the past several decades (Lee, 2014; Sheridan and Allen, 2018). Another 

study of 93 European cities revealed that in 2015, 4.3% of all summer deaths could be attributed 

to the impacts of urban heat island (UHI) effects (Iungman et al., 2023). However, apart from a 

direct impact on deaths, heat exposure also increases the risk of hospitalization (Basu, 2009), 

respiratory illness (D’Ippoliti et al., 2010), other heat-related mortality risks (Hajat et al., 2014), 

causes increased energy bills, which are especially burdensome for low-income families (Sailor 

et al 2019; Thomson et al 2019 ), as well as missed work days or decreased productivity 

(Lundgren et al 2013 ), significant physical discomfort/inconvenience (Guardaro et al 2020), and 

mental stress (Hansen et al, 2008).  

Increased urban heat has other important effects as well. Increased temperatures in urban areas 

increase air contamination by influencing atmospheric pollutants' concentration and spatial 
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distribution (Sarrat, et al. 2006). The UHEI has been shown to impact precipitation over urban 

areas (Baik et al., 2001; Bornstein and Lin, 2000; Dixon and Mote, 2003). Vegetation in urban 

areas tends to decay exponentially with the increase in land surface temperature (Zhou, et al. 

2016).  

2.2.Factors contributing to the Urban Heat Island Effect 

Ryu and Baik (2012) identified impervious surfaces, anthropogenic heat, and three-dimensional 

geometry as the primary contributing factors for UHIE. Impervious surfaces in urban areas such 

as concrete and asphalt are significant drivers of UHIE. Dark features such as rooftops and 

asphalt can additionally lower albedo, meaning more of the sun’s energy is absorbed rather than 

reflected. Anthropogenic heat is caused by human activity such as waste heat from automobile 

traffic and heating systems in homes and businesses. 3D geometry includes things such as heat 

trapped in vertical walls, radiation entrapment, and wind speed reduction. The so-called “sky 

view factor”, or the proportion of sky visible from the ground is related to 3D geometry and can 

reduce the UHIE in places such as downtown areas where high-rise buildings can occlude the 

sun (Bernard et al., 2018).  

Zhao et al. (2018) examined the relationship between land surface temperature variation and 

lidar-derived terrain factors, land cover composition, and landscape pattern metrics and 

confirmed that higher building density is associated with an increase in the UHIE whereas 

vegetation cover decreases the effect. In addition, areas near water bodies showed a lower UHIE 

value compared to areas farther from water. Deilami et al. (2018) conducted a meta-analysis of 

75 related research articles on UHIE and found that key spatiotemporal factors included the 

percentage of vegetation, seasonal variation, area, day/nighttime variation, population, the 
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proportion of water body in an urban area, percentage of road pavement, biophysical 

components, and social and economic variables.  

Benz & Burney (2021) found that the extreme heat burden is disproportionately borne by non-

white populations and lower-income neighborhoods in 70% of the US counties. Another study 

showed that around 94% of the 108 studied US urban areas displayed persistent patterns of 

increased land-surface temperature in the formerly redlined areas compared to non-redlined areas 

by an average of 2.6 oC (Hoffman et al., 2020). Apart from the physical and meteorological 

factors, economics plays a role: Cui et al. (2016) found a positive relationship between higher 

GDP and higher land surface temperatures in major cities in the US and China.  

2.3.Measuring Urban Heat Island Effect 

Temperatures in urban areas are warmer both with respect to air and surface temperatures. Air 

temperatures more closely correspond to human comfort (Hiemstra et al., 2017) but are more 

difficult to directly measure at densities that would result in high-resolution maps. The recently 

launched National Integrated Heat Health Information System - Climate Adaptation Planning 

and Analytics (NIHHIS-CAPA) Urban Heat Island Mapping Campaign seeks to remedy this and 

has been providing funding since 2017 to produce high-resolution air temperature maps of cities, 

often using a citizen-science-based effort to sample air temperatures with a vehicle “traverses” 

approach that then form the basis of an interpolation (Shandas et al., 2019, Figure 1).  
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Figure 1 High-resolution map of urban heat island effect generated from vehicle traverses. From Shandas et al. (2019) viewable 

at climate.gov. 

Surface temperatures can be measured over an entire city using satellites and provide a relatively 

high-resolution product that allows for coarse comparisons of how land cover types or other 

classifications produce different temperature profiles. At present, there are several satellites in 

operation that collect thermal infrared data from the earth's surface, including Landsat 

TM/ETM+, MODIS, ASTER, HCMM, AVHRR, TIMS, and others (Weng 2009). Many 

researchers have used data from these satellites to measure land surface temperature (LST) in 

urban areas. For example, Nichol (2005) compared the daytime and nighttime LST using ETM+ 

thermal image and ASTER sensors respectively which found that densely built high-rise 
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buildings have lower temperatures in the daytime but appear warmer during the night. Chen et 

al. (2017) used MODIS satellite data to identify the positive relationship between urbanization 

and urban diurnal land surface temperature variation. Krehbiel and Henebry (2016) used MODIS 

satellite data to compare air temperature and land surface temperature as a measure of urban heat 

islands in the upper-midwest US where it was found that the diurnal variation for air temperature 

is insignificant while the variation for land surface temperature was much higher. Imhoff et al. 

(2010) used Landsat-based NLCD data and thermal satellite images from MODIS to determine 

that impervious surface area is the main driver for 70% of the total variance in land surface 

temperature in 38 of the most populous cities in the US. A study by Adaktylou (2020) used 

Landsat 8 satellite images to develop UHIE visualizations for elementary school children and 

found it useful for teachers as they found a new tool for engaging students in science topics. The 

post-survey of the study also indicated an enhanced interest among students in learning about the 

complexity of the environment.  

Recently, Land Surface Temperature data layers have been made available as part of an Analysis 

Ready Data (ARD) package, distributed via the USGS EarthExplorer platform, thus obviating 

the need for end-users to apply the sensitive calculations to convert raw data from relevant 

Landsat 8 bands to surface temperature estimates (Dwyer et al., 2018). An updated version of the 

Surface Temperature dataset is also available via Google Earth Engine (Ermida et al., 2020; 

Figure 2). 
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Figure 2 Surface Temperature (Kelvin) algorithmic estimation from Landsat-8 shown for central Portugal, distributed via 

Google Earth Engine. From Ermida et al. 2020, Figure 4. 

2.4.Measuring Urban Heat Island Effect using UAVs 

More recently, unmanned aerial vehicles (UAVs) or drones equipped with infrared (IR) cameras 

have been used to study the UHIE. UAVs allow the users to fly at a lower altitude which allows 

for the generation of higher resolution (cm level) imagery. In addition to that, it also allows the 

generation of 3D models with reliable metrics that result in cost-effective qualitative and 

quantitative inspections (Luis-Ruiz et al., 2021). Naughton and McDonald (2019) used a DJI 

Matrice 100 quadcopter UAV to collect thermal imagery and found a 3.9 to 15.8℃ land surface 

temperature variability in Milwaukee, WI, and El Paso, TX. Song and Park (2020) used a FLIR 

Vue Pro R thermal infrared (TIR) camera mounted on a DJI Inspire 1 UAV to compare thermal 

imagery with temperatures collected on the ground using infrared thermometers. They found a 
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high correlation of 0.70 and RMSE of 4 to 4.5 ℃, with higher variability reported for surfaces 

such as concrete and wooden decks with higher temperatures. Thermal cameras are often of 

substantially lower resolution (5 to 15% of the resolution) than RGB cameras and have less 

contrast, making conventional Structure from Motion reconstructions difficult. Previtali et al. 

(2014) suggested an easy approach by generating a geometric 3D model with RGB images and 

projecting thermal images as textures. Another method by Daffara et al. (2020) suggested 

projecting thermal images onto a 3D point cloud by manually inserting ground control points 

(GCP). One study proposed fusing visible and thermal point clouds where the camera is 

calibrated to acquire its internal orientation parameters (Dahaghin et al., 2019). Lastly, Yang and 

Lee (2019) introduced a four-band thermal mosaicking method that combines the thermal image 

with a cropped version of the RGB image, using the RGB channels for scene reconstruction and 

the thermal image for orthophoto generation. Most thermal mapping projects focus on 

orthoimage generation, and as mentioned above, some projects constructed full 3D thermal 

scenes. Another example is from Morrison et al. (2018), who developed a ground-based remote 

sensing application for three-dimensional (3D) urban thermography using an LWIR camera 

simulated in Discrete Anisotropic Radiative Transfer (DART) model and Blender software. An 

example of a thermal image developed from a UAV is shown in Figure 3. 
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Figure 3 Thermal image orthomosaic constructed from images taken during a flight in Roanoke, VA using Mavic Pro Duo 

thermal camera. 

2.5.The importance of higher-resolution thermal imaging 

Researchers have been using satellite images for studying the urban thermal environment, 

however, they have some limitations when studied for smaller, more detailed extents such as 

neighborhoods or specific sites. Satellite images have low revisit times, usually between 1-14 

days (Morrison et al., 2021; Naughton & McDonald, 2019). The images also have a low spatial 

resolution, where a large area is covered by a single pixel, making the identification of specific 

features difficult. Landsat’s thermal bands, for instance, are collected at 100 m resolution, 

although they are resampled to 30 m to match other bands such as RGB, which are natively 

collected at that resolution. Satellite-derived images of surface temperature may work well at the 

city or region scale, but they are often hard to interpret at finer scales (Naughton & McDonald, 

2019). To tackle these challenges, some studies have used multi-satellite combination and 
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downscaling/interpolation techniques using land cover classes in combination with thermal 

imagery to produce 10 m resolution interpolated images (Nichol, 2005; Nichol & Wong, 2009), 

however, they are still unable to capture the true complexity of thermal variation in an urban 

area. The thermal map appears overly smooth in comparison to natively finer resolution 

platforms such as those deployed by UAVs (Figure 4). NASA's G-LiHT, similar to other 

portable airborne imaging devices, combines lidar, imaging spectroscopy, and thermal imaging 

to examine the makeup, layout, and operation of land-based ecosystems. G-LiHT has been 

employed in several investigations to specifically design the thermal three-dimensional layout of 

urban areas with a resolution of 1-2.5 meters (Berger et al., 2014; Chen et al., 2016).  

 

Figure 4 (a) ASTER 90 m thermal data combined with land cover classes derived from (b) RGB imagery to create (c) an 

interpolated 10 m surface temperature estimate for Hong Kong (from Nichol and Wong, 2009). 

UAVs help researchers overcome many of the limitations of satellites by collecting high-

resolution data at high temporal resolution (Laliberte et al., 2011). This also allows the user to 

investigate the desired area repeatedly in shorter time intervals (Vasterling & Meyer, 2013) and 

change speed, direction, and altitude as needed (Villa et al., 2017). Improvements in spatial 

resolution of thermal imagery make buildings, trees, and sidewalks directly visible in the scene, 
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removing a layer of generalization that may make novice users directly apprehend their thermal 

properties. Deploying UAVs several times throughout the day can illustrate how various surfaces 

heat up differently (Lim et al., 2022). To date, most visualizations of fine-scale thermal 

environments have used symbolized orthoimagery to communicate scenes. Some examples of 

directly sensed 3D SfM-derived thermal models (Previtali et al., 2014; Daffara et al., 2020; 

Dahaghin et al., 2019; Yang and Lee, 2019) were reviewed. However, previous research has 

found that 3D, user-manipulatable models in other contexts improve map reading (Carbonell 

Carrera et al., 2017). Further, 3D maps may allow users to see how structures such as vertical 

walls, windows, and doors of buildings - features much more common to everyday experience 

than rooftops - emit thermal energy into the environment. 

2.6.Addressing the problem with scientific cartography 

Thermal maps are often communicated in ways that may be problematic, but scientific 

cartography provides a method for rigorously testing such geovisualizations, thereby improving 

their use in informing the public and improving decision-making (Robinson, 1950; Hayek et al., 

2016). Early cartographers mostly developed their understanding of map design based on trial-

and-error methods and through an empirical study of design decisions affecting map usage 

(Griffin, 2017). However, in the twentieth century, the importance of map users was explicitly 

acknowledged (Montello, 2002). Many studies have benefitted from a connection to Psychology 

and utilize a strong tradition of empirical research (e.g., Hegarty et al., 2009). Eye-tracking has 

been used in empirical map research since the 1970s to help determine how people interact with 

maps (Steinke, 1987), and newer, minimally obtrusive eye-tracking technology has created a 

renewed interest in these methods (Fuhrmann et al., 2009). Pingel and Clarke (2014) used both 

map rotation and profile selection tasks, and measured response time and accuracy rates to 
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measure the efficacy of a novel lidar-based visualization, and these tasks will be adapted for this 

study. To determine how easily a visualization can be interpreted based on its elements, the 

subband entropy measure of visual clutter was discussed by Rosenholtz et. al. (2007). Visual 

clutter is the state where excess items, or their representation in a visual, lead to performance 

degradation at some tasks.  

2.7.How do different colormaps and visualization techniques affect people’s understanding 

of geographic information? 

A viewer’s comprehension of geographic information is mediated by the symbology and other 

elements of the cartographic representation. Slocum et al. (2001) posited that the usability of a 

geovisualization should be evaluated under six categories: 1) geospatial virtual environments; 2) 

dynamic representations; 3) metaphors and schemata in user interface design; 4) individual and 

group differences; 5) collaborative geovisualization, and 6) evaluating the effectiveness of 

geovisualization methods. In terms of the visualization method, it has been claimed by 

researchers in human-computer interaction that users prefer dynamic displays compared to static 

displays and 3D displays over 2D displays (Scaife & Rogers, 1996). However, Hegarty et al. 

(2009) argue that what they call “naive cartography” assumes that realistic and/or dynamic maps 

perform better because users say that they prefer them when the reverse is more often true.  

Thermal maps generally use variations in color to map temperature. Color is generally broken 

down by hue and value as so-called “visual variables” in cartography, and Bertin outlined their 

appropriate use in Semiology of Graphics (1967). Hue - corresponding to what often is thought 

of as color - means differences in kinds of colors: greens, blues, yellows, and so on, and 

cartographers generally use these to express nominal differences or differences in kind. Value, 
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sometimes called gray tone, corresponds to the lightness or darkness of a color and is often used 

to indicate quantitative changes. The darker-is-more convention indicates that the darker the 

color, the larger the quantity (Cuff, 1973; Palsky, 1999). Color is often used in the form of a 

colormap, a scale of colors defined by the mapmaker that is used to denote low and high values 

of the variable being mapped.  

Colormaps may be randomly or purposefully sorted when used to map qualitative variables, but 

more typically they are used to map quantitative variables. The two main types are sequential 

and diverging colormaps. Sequential maps progress from one color to the next in a way that 

generally indicates an order. Figure 5a shows a daily forecast high-temperature map of the 

contiguous United States, where temperatures are indicated by a colormap that starts in light 

purple, moves through blues, then greens and yellows, and with dark red indicating high 

temperatures. In contrast, diverging colormaps use neutral values (often white or yellow) to 

indicate values near a mean or meaningful zero value, with blue often indicating a low value and 

red indicating a high value for thermal maps specifically and many other kinds of maps as well. 

As with all colormaps, the specific colors used may vary, and cartographers have user-tested 

many of these, especially with concern for special populations, such as those with colorblindness 

(Brewer, 2003). An example of a diverging color map is shown in Figure 5b, where thermal 

anomalies (deviations from a given value) are displayed. 
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Figure 5 Daily high-temperature values from weather.gov are shown in a conventional sequential colormap (a) and global 

thermal anomalies from climate.gov are shown using a conventional diverging colormap (b). 

Thermal images from FLIR cameras can be programmed to use a variety of color maps, 

including sequential schemes such as gray tone, rainbow, ironbow, and many more. Examples of 

several colormaps are shown in Figure 6. Map users are generally cautioned to use “perceptually 

uniform” colormaps when possible, such that the lightness and darkness of the color don’t 

change haphazardly throughout the ramp (Moreland, 2009). 

 

Figure 6 Several colormaps popular for showing thermal data 
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2.8.Application of terrain visualization lessons on thermal mapping 

Since thermal maps are generally portrayed orthographically, they can be imagined as 2.5D 

“surfaces”, much like a terrain surface. Color is often used to map elevation through hypsometric 

tints which use green for low-lying areas and browns and whites to represent high elevation, but 

such colors alone can be misinterpreted by a large number of map users (Jenny and Patterson, 

2013). Additional commonly used cartographic methods of representing elevation include 

contours, spot heights, and shaded relief (Imhof, 1982). More advanced techniques can use 

multi-directional shading, curvature derivatives, and atmospheric shading to improve the reader’s 

sense of the terrain (Kennelly, 2017; Jenny and Patterson, 2021). Figure 7 shows an example of 

hypsometric tinting, relief shading, and contours used by Imhof (1982) to create a visually 

powerful image of the terrain. It may be that these ancillary methods could be used to add value 

to thermal images as well, and many (contours, shading, spot heights) can be readily adapted. 

 

Figure 7 A combination of methods is used to communicate a sense of terrain (Imhof, 1982) 
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3. Methods 

The study was designed to test the performance of three different aspects of thermal model 

visualizations - color scheme, resolution, and shading augmentation - for their impact on map 

readability. Three different map reading tasks were used to gauge performance as measured by 

response time and accuracy. The map reading task was combined with each of the two resolution 

types to produce six total blocks, the order of which was randomized for each participant. After 

the completion of the tasks, participants completed a questionnaire to solicit explicit user 

preferences and collect basic demographic information. 

3.1.Participants 

A total of 72 participants were tested. All participants were 18 years of age or older. Participants 

were recruited via wide circulation in list-serve emails and other related platforms within 

Virginia Tech and received a small gift card in exchange for participation. The study was run 

following human subjects testing guidelines and received approval from the Institutional Review 

Board (IRB) (approval number IRB-22-299). Six participants were omitted from the data 

analysis. In four cases, the system failed to record the complete data record. In two cases, 

participants paused several times during the study despite instructions to the contrary, resulting 

in outlier response times. The analysis was based on the data from the resulting 66 participants.  

3.2.Materials 

The whole survey was administered in PsychoPy® (Peirce, 2007), a free cross-platform package 

that allows administering a range of experiments in the behavioral sciences. Stimuli were 

presented on a monitor and participant responses were provided via keyboard. Instructions for 
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each task were provided on the screen. An administrator was always present to dictate the 

instructions and assist wherever required. The task was conducted using the Dell Precision 7540 

laptop equipped with an Intel core i7 processor with 6 cores, 32 GB RAM, 1 TB storage, and a 6 

GB NVIDIA Quadro RTX 3000 graphics card. The external monitor used by participants for the 

study was a Dell 24-inch monitor with a 16:9 aspect ratio and 1920 x 1080 resolution.  

3.2.1. UAV-derived Thermal Imagery 

A DJI Mavic 2 Enterprise Dual Drone (Figure 8) was used to capture thermal and RGB images 

for the study. The drone weighs 899 grams and has a maximum flight time of 31 mins in no wind 

conditions. The RGB sensor produces a 12-megapixel (MP) image at 4056 x 3040 resolution. 

The FLIR Lepton thermal sensor captures data at a relatively coarse 160 x 120 resolution before 

upscaling it for the output image of 640 x 480 pixels. Output images for both sensors were 

captured in the direction of the automated flight-planning software (DroneDeploy) and stored on 

the onboard SD card in JPEG format.  

 

Figure 8 DJI Mavic 2 Enterprise Dual Drone used in the study 
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The drone was flown over Patrick Henry High School in Roanoke, Virginia at an altitude of 120 

m Above Ground Height (AGH) to collect imagery. The site was selected because it contained 

various types of land cover, including large buildings, parking lots, grassy areas, and tree cover. 

A total of 480 images were captured during the flight, 240 IR images and 240 RGB images. The 

collected images were processed using the Pix4D Structure from Motion (SfM) software to 

construct a thermal orthoimage. Reconstruction of thermal imagery is generally done in concert 

with RGB imagery since thermal imagery is often of low resolution and contrast to work well 

alone. RGB image processing provides the spatial structure onto which texturing from the 

thermal imagery is applied. Thus, initial matching (Step 1) for RGB and thermal images is run 

separately. Step 1 computes key points for the images which are later used to match images 

together. The software then runs an automatic aerial triangulation and bundle block adjustment 

from the initial matches to estimate 3D structure. After this, the two image set projects were then 

merged to build the final high-resolution thermal model in which the point clouds and the mesh 

geometry were produced from the RGB images, and the mesh textures and orthoimage were 

generated from the thermal images. In this case, thermal images were collected in grayscale to 

allow for simple translation via interpolation from grayscale to other color palettes. 

To improve and enhance the accuracy of the model, thermal ground control points (TGCPs) were 

used. TGCPs combine high-precision Real Time Kinematic (RTK) GNSS points with measured 

ground temperatures at salient points within the scene. An Emlid Reach RS2 RTK GNSS was 

used to collect the coordinates and a handheld infrared thermometer was used to collect the 

temperature at those locations. GCP locations were varied throughout the scene as is standard 

practice when collecting drone imagery, with the additional parameter that a variety of land 

surfaces were also selected to acquire a range of temperatures. Six TGCPs were used in total.  
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3.2.2. Satellite Thermal Imagery 

Atlanta, Georgia was selected for the city-scale portion of the experiment because it featured a 

mix of both urban and forested landscapes, leading to a varied temperature profile. The city is 

one of the largest metropolitan cities in the US and is home to half a million people (U.S. Census 

Bureau, 2020). The city has a variety of land covers and according to a land cover percentage 

calculation using 2019 MRLC land cover data, the city contains 76.8% developed area. The 

developed areas account for 20-100% impervious surface which is a major cause of increasing 

surface temperature.  

Rather than using raw Landsat-8 data to calculate surface temperature, the Analysis Ready Data 

(ARD) dataset (Landsat Collection 2 Surface Temperature) prepared by the USGS was used. The 

data combines information from multiple bands and information from other satellites to produce 

surface temperature estimates (Dwyer et al., 2018). According to the Landsat C2 U.S. ARD Data 

Format Control Book, the thermal band had to be multiplied with a scale factor and added an 

additive factor. Following is the equation. 

Thermal image * 0.00341802 + 149.0 

The temperature values in the resulting image were in Kelvin. To convert it into Celsius, -273.15 

was subtracted from the pixel values. Colormaps were then applied to the images for 

visualization, as described in the next section. 
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3.3.Independent Variables 

3.3.1. Colormap 

The study tested 5 color schemes (colormaps) which are commonly used to visualize thermal 

data. In practice, dozens are colormaps are used in science, industry, and popular media to 

communicate temperature. Five were selected for this study as representative of the range of 

those often used: (a) diverging blue-white-red, (b) Esri’s standard conventional temperature 

ramp, (c) FLIR’s ironbow designed specifically for thermal mapping, (d) viridis, a colorblind-

friendly sequential scheme and the default colormap in Python’s matploblib, and (e) turbo, a 

perceptually uniform version of the both popular and much-maligned “jet” colormap (Figure 9). 

ArcGIS Pro (version 2.9) was used to apply the colormap to the thermal image data for the Esri 

temperature map, and Python was used to translate the other four. The application of the ironbow 

colormap required the installation of the cmocean package (“thermal” colormap, Thyng et al., 

2016), and the rest used standard colormaps included in the matplotlib package. 

 

Figure 9 Colormaps a) blue-white-red, b) Esri’s temperature, c) ironbow, d) viridis, e) turbo 

(a) (b) (c) (d) (e) 
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3.3.2. Shading 

In topographic maps, relief shading helps to visualize variations in the surface and allows their 

realistic depiction and interpretation (Imhof, 1982; Onorati et al., 1992). Similarly, this element 

when applied to thermal images may afford more accurate or faster interpretation. The initial 

experiment was with shading based on the thermal gradient. However, an alternative shading 

technique based on the underlying digital surface model (DSM) that was created during the 3D 

reconstruction was ultimately selected since it conveyed a better sense of the scene. For drone 

imagery, the method was as follows. First, a slope layer is calculated from the DSM and then 

applied to the thermal image by first projecting it into CIELAB colorspace and then modifying 

the luminosity channel according to indicated slope shading. Lastly, the output image was 

globally re-brightened to account for the darkening from the slope-shading and projected back to 

RGB colorspace to record the final image. For the satellite imagery, the same method was used 

based on a lidar-derived DSM of the area. The lidar dataset was downloaded separately for the 

city area from the Virginia Geographic Information Network (VGIN), tiled together and then 

converted into DSM to later integrate with the thermal satellite image. A comparison of shaded 

vs. unshaded images is shown in Figure 10. 
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Figure 10 Selected area of (a) unshaded and (b) DSM-shaded thermal images using the turbo colormap. 

3.3.3. Resolution 

The study also looked into the resolution of the visualization. The lowest unit of measurement 

that may be observed or recorded for an item is referred to as resolution (Tobler, 1988). imagery 

produced by drones has a higher compared to that of a satellite image. Therefore, in this study, 

source and resolution were tied together, although conceptually the resolution of the image is the 

key factor under consideration.  In this study, an infrared camera mounted on a drone generated 

high-resolution 2D visualization of the urban thermal environment. The resolution of the drone 

image was 15 cm over a 10.4-hectare extent. The satellite images were produced for 34.31 km2 

extent at 1 m resolution. Though the original resolution of the Landsat-8 ARD thermal data is 30 

m, the 1 m resolution was required for the overlay of the higher resolution lidar data for the 

shading condition.  An example of lidar-shaded satellite-derived thermal imagery is shown in 

Figure 11. 
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Figure 11 Selection of the satellite and lidar-DSM shaded image using blue-white-red colormap 

3.4.Map Reading Tasks 

Three map-reading tasks were used in the study to simulate a range of potential thermal-map use 

cases, and accuracy and response time metrics were used to gauge performance. The tasks were 

selected based on analogous tasks from both the widely used Topographic Map Assessment 

(Newcombe et al., 2015) which measures users’ ability to interpret topographic maps that 

represent an elevation surface, and a similar lidar visualization study (Pingel and Clarke, 2014).  

The study then encompassed three tasks, five colormaps, and two shading conditions in two 

resolutions. To accommodate that, each task was divided into two separate blocks based on the 

image resolution (i.e., drone-sourced high-resolution image and city-scale satellite image). These 

six (3 x 2) blocks were randomized during the trial. Each combination of colormap and shading 

was repeated in a trial five times using different locations and/or rotation amounts, making each 

block consist of 50 questions (5 x 2 x 5). Instructions were provided on the screen. Each block 

also included an additional training phase of 5 questions that were not scored for the analysis. An 

administrator was always present to dictate the instructions and assist wherever required.  
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3.4.1. Task 1: Pairwise Comparison 

In the first task, the users were shown a map with two points (A and B) identified. Based on a 

provided legend, they were asked to identify which point had a higher temperature. This question 

was modeled after the Topographic Map Assessment Task 7. The task was completed twice, 

once for the drone-sourced data and again for the satellite-sourced data. Response time and 

accuracy were recorded for each question. 

 

Figure 12 Map reading tasks (a) pairwise comparison, (b) profile estimation, and (c) map rotation. 

3.4.2. Task 2: Profile estimation 

The next map-reading task asked participants to select the correct thermal profile from two 

options for a line that was drawn on the map image. As with other tasks, drone and satellite 

versions were conducted separately, and both accuracy and response time were recorded. This 

test is analogous to both the Topographic Map Assessment - section 5 (Newcombe et al., 2015) 

and Pingel and Clarke (2014), and is similar to how UAV-derived thermal data is presented by 

Song and Park (2020). 
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3.4.3. Task 3: Map Rotation 

The last map-reading task that was tested is the map rotation task based on Shepard and Metzler 

(1971) and Pingel and Clarke (2014). This task presents two extracts of a thermal map, one of 

which has been rotated. In some images, however, the second extract was both rotated and 

reflected. Participants were asked to identify whether the second extract was reflected, which 

requires them to match key points in images and to mentally rotate them to see if they match 

(Figure 12(c)). The task measures the saliency of visualization. Because rotation amount is 

correlated to response time (Shepard & Metzler, 1971), the rotation amount was systematically 

varied and randomized to control for this effect. 

3.5.Post-Task Questionnaire 

During the post-task questionnaire, participants were asked to report simple demographic 

information (age, major, level of education), as well as Likert-type questions asking participants 

to explicitly rate how they regarded the visualizations (concerning colormaps, augmentations, 

and scales). Such statements were considered in light of Hegarty et al. (2009) who demonstrated 

that stated user preferences do not always match objective measures of performance. They were 

also asked whether they had a general difficulty in differentiating among colors to assess 

colorblindness. However, this question may not have been interpreted as intended, as no 

participants reported difficulty. 
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4. Results 

The results were analyzed using descriptive statistics and repeated measures ANOVA in JMP: 

Statistical Software and in Python. A standard least squares model (Restricted Maximum 

Likelihood, REML) was specified in JMP with the main effects of task, shading enhancement, 

colormaps and source, as well as second-order interactions, and participants as a random effect. 

F-value was used in the repeated measures ANOVA analysis to determine the statistical 

significance of the differences. The F-value calculation computes the explained variance to 

unexplained variance ratio (Feir-Walsh & Toothaker, 1974). Descriptive statistics are reported 

using Least Squares Mean (M) and Standard Error (SE) as reported by JMP; these describe the 

centrality and spread of the variables with the effects of other variables factored away. The 

response times for all three tasks were log-transformed to normalize the data for analysis. Effect 

sizes were calculated using eta squared value (η2), used specifically used to report effect sizes in 

ANOVA models (Lakens, 2013). Eta squared corresponds to the proportion (0 to 1) of variance 

explained by a given variable. It is a standardized estimate of effect size, which means that it is 

comparable across outcome variables measured in various units (Adams & Conway, 2014). 

Lakens's (2013) descriptions of effect sizes are used to interpret magnitudes (η2 = 0.01 is small, 

η2 =0.06 is medium, and η2 =0.14 is large). 

4.1.Task 

Participants informally indicated that the profile estimation task was the most difficult and time-

consuming among the three map reading tasks. The response time for the profile estimation task 

(M = 13.50 s, SE = 0.08) was significantly longer than for either the map rotation task (M = 8.22, 

SE = 0.08) or the A-B comparison task (M = 4.37, SE = 0.0.08), according to repeated measures 
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ANOVA analysis using log-transformed values (F2,65 = 6749.96, p < 0.001). The effect size of 

this difference was large (η2 = 0.93). Accuracy was most accurate for the map rotation task (M = 

92.04%, SE = 0.36%), followed by the A-B comparison task (M = 89.77%, SE = 0.36%) and 

profile estimation task (M = 86.77%, SE = 0.36%), a statistically significant result (F2,65 = 53.04, 

p < 0.001) with a medium effect size (η2 = 0.13). 

4.2.Colormaps 

It was expected that there would be significant differences between colormaps and that the turbo 

and ironbow colormaps would perform better than the others, that is, they would have a lower 

response time indicating more efficiency and/or higher mean accuracy. Aggregated across all 

tasks and controlling for task differences and other sources of variability, overall response time 

was indeed lowest for ironbow colormap (M = 8.51, SE = 1.03) but was highest for turbo (M = 

9.09, SE = 1.07). Ironbow (M = 91.16%, SE = 3.49%) and Esri’s default temperature colormap 

(M = 91.14%, SE = 3.50%) had the highest accuracy rates. The lowest accuracy was for viridis 

(M = 86.16%, SE = 4.25%), which also performed poorly with respect to response time. Overall, 

the results show that ironbow performed the best, and viridis performed the worst (Figure 13). 

The repeated measures ANOVA showed the mean difference among the colormaps were 

significant for both the log of response time (F4,65 = 12.16, p < 0.001) and accuracy (F4,65 = 

19.62, p < 0.001). Although statistically significant, the effect size is small for log-response time 

(η2 < 0.01) but was medium for accuracy (η2 = 0.09).  

 



 

30 

 

 

Figure 13 Least square means and standard error plot of colormaps for (a) response time and (b) accuracy 

4.3.Source 

It was expected that the drone-sourced higher-resolution imagery would perform better 

compared to the city-scale satellite imagery. Differences in response time were not statistically 

significant (F1,65 < 0.01, p = 0.96), but were for accuracy (F1,65 = 52.80, p < 0.001). Judgments 

made from drone imagery were more accurate (M = 91.05%, SE = 3.51%) than those made from 

satellite imagery (M = 88.01%, SE = 4.00%). The effect size was medium (η2 = 0.06) for 

accuracy. Figure 14 shows the least square means difference of source for accuracy and response 

time. 

 

Figure 14 Least squares means and standard error plots for imagery source 

(a) (b) 

(a) (b) 
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4.4.Shading 

It was expected that the addition of lidar-derived surface shading as an 

augmentation/enhancement would improve performance. Repeated measures ANOVA analysis 

indicated that differences in accuracy were not significant (F1,65 = 2.92, p = 0.09), but that 

differences in log-response time were (F1,65 = 128.77, p < 0.001). Contra to expectations, the 

unshaded images had a lower (faster) response time (M = 8.39, SE = 1.02) than the enhanced 

images (M = 9.01, SE = 1.03) (Figure 15), but with a small effect size (η2 = 0.01) 

 

 

Figure 15 Least squares means plots for shading enhancement 

 

 

 

 

 

(a) (b) 
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Table 1 Least mean square and standard error of response time and accuracy for tasks, colormap, source, and shading. Levels 

not connected by the same letter are statistically different. 

  Response Time (s) Accuracy (%) 

  M SE Level M SE Level 

Task a_or_b 4.37 0.08 A 89.77 0.36 A 

rotation 8.22 0.08 B 92.04 0.36 B 

profile 13.50 0.08 C 86.77 0.36 C 

Colormap Ironbow 8.51 0.10 A 91.16 0.47 A  

Esritemp 8.57 0.10 A 91.14 0.47 A 

Turbo 9.09 0.10 B 90.14 0.47 AB 

BWR 8.53 0.10 A 89.03 0.47 B 

Viridis 8.80 0.10 A 86.16 0.47 C 

Source Satellite 9.07 0.07 A 88.01 0.30 A 

Drone 8.32 0.07 B 91.05 0.30 B 

Shading  Unshaded 8.39 0.07 A 89.17 0.30 A 

Enhanced 9.01 0.07 B 89.89 0.30 A 
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Table 2 ANOVA results table for log-response time and accuracy 

  log(Response Time) Accuracy 

DF F  Prob > F η2 F  Prob > F η2 

Task 2 6749.96 < 0.001 0.93 53.04 < 0.001 0.13 

Colormap 4 12.16 < 0.001 < 0.01 19.62 < 0.001 0.09 

Source 1 < 0.01 0.96 < 0.01 52.80 < 0.001 0.06 

Shading 1 128.77 < 0.001 0.01 2.92 0.09 < 0.01 

Task * Colormap 8 8.60 < 0.001 < 0.01 22.05 < 0.001 0.21 

Task * Source 2 304.42 < 0.001 0.04 23.02 < 0.001 0.06 

Task * Shading 2 34.19 < 0.001 < 0.01 5.94 0.003 0.01 

Colormap * Source 4 18.06 < 0.001 < 0.01 67.50 < 0.001 0.33 

Colormap * Shading 4 18.43 < 0.001 0.01 4.87 < 0.001 0.02 

Source * Shading 1 2.98 0.08 < 0.01 64.42 < 0.001 0.08 

4.5.Interactions 

The ANOVA test results show that the task interacted with both colormap and source. The task-

colormap interaction for accuracy (F8,65 = 22.05, p < 0.001) and log-response time (F8,65 = 8.60, 

p < 0.001) were significant. However, the effect size was large (η2 = 0.21) for accuracy and small 

for response time (η2 < 0.01). A similar case was found for task-source interaction where both 

accuracy (F2,65 = 23.02, p < 0.001, η2 = 0.06) and log-response time (F2,65 = 304.42, p < 0.001, η2 

= 0.04). The effect size was medium for both. The task-source accuracy plot (Figure 16a) shows 

that the accuracy was higher for drone images in the a-b comparison task and the profile 

estimation task, but not for the map rotation task. From the response time plot (Figure 16b) of the 
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same interaction, it can be seen that the drone images have a higher response time only in the 

profile estimation task. In effect, the drone images required more time for interaction but 

afforded higher accuracy. In the task-colormap interaction (Figure 16c) it can be seen that the 

performance of many colormaps varied significantly by task. Overall, Esri’s temperature 

colormap performed well on all tasks, and viridis performed poorly on most tasks. Ironbow and 

turbo were particularly effective for the a-b comparison task. 

 

 

Figure 16 LSM plots for (a) task-source interaction for accuracy, (b) task-source interaction for response time, and (c) task-

colormap interaction for accuracy 

Shading enhancement interacted with both colormap and source. The enhancement-colormap 

interaction for both accuracy (F4,65 = 4.87, p < 0.001) and log-response time (F4,65 = 18.43, p < 

0.001) were statistically significant, but the effect size was medium for accuracy (η2 = 0.02) and 

small for log-response time (η2 = 0.01). The shading enhancement increased accuracy for the 

ironbow, Esri temperature, and viridis colormaps, but decreased accuracy for the blue-white-red 

and turbo colormaps. Ironbow had the highest accuracy for enhanced images, and the turbo had 

the highest accuracy for unshaded images. The shading-source interaction was not significant for 

log-response time (F1,65 = 2.98, p = 0.08, η2 < 0.01), but was significant for accuracy (F8,65 = 

64.42, p < 0.001) with a medium effect size (η2 = 0.08). Shading enhancement improved 

accuracy for the satellite images (from 85.97% to 90.05%), but reduced accuracy for drone-

(a) (b) (c) 
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sourced images (from 92.37% to 89.73%). Figure 17 shows the shading interaction with 

colormaps and source for accuracy. 

 

Figure 17 Least square means plot for (a) accuracy of shading-colormap and (b) accuracy of shading-source. Esri temperature 

and ironbow colormaps were virtually identical for accuracy on unshaded/enhanced conditions. 

4.6.Preferences 

The post-task questionnaire asked the participants about their experience with geography on a 5-

point scale (M = 3.03, SD = 0.98), but it was not correlated with response time (r(66) = -0.05, p 

= 0.70) or accuracy (r(66) = 0.08, p = 0.54). Among the participants, 74% were at the graduate 

level and 20% of them were at the undergraduate level. According to the participant’s 

preference, turbo ranks first (M = 2.27, SD = 1.23) and the Esritemp ranks last (M = 4.13, SD = 

1.39). 67% of the participants preferred enhanced images and the rest preferred unshaded 

images. Figure 18 shows a parallel coordinate plot tying together response time, accuracy, and 

user preferences for the five colormaps tested. 

 

(a) (b) 



 

36 

 

 

Figure 18 Parallel coordinate plot of normalized response time, accuracy, and user preference. 
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5. Discussion 

Visualizations can significantly influence how information is processed by decision-makers. This 

study tested how colormap, shading augmentation, and resolution impact the reading of thermal 

maps, using three different map reading tasks for assessment. The results show a significant 

difference in the performance of colormaps (both accuracy and response time), accuracy for the 

resolution, and response time for the shading enhancement. The study also found significance in 

task interaction with source (accuracy and log-response time) and colormap (accuracy), and 

shading interaction with colormap (accuracy) and source (accuracy). The post-task questionnaire 

recorded user demographics and their preference for colormaps and shading. The results 

provided substantial evidence to support Hegarty et al.’s (2009) findings that user preferences 

about visualizations do not always correspond to objective measures of performance. 

This study found a preference for the rainbow-style turbo colormap, which was accurate (within 

0.02% of the ironbow, the best performer) but the slowest in response time. Despite criticism in 

the cartography and data visualization community (Brewer 1997; Borland and Taylor 2007; 

Moreland, 2016), rainbow and spectral colormaps are still considered visually appealing 

(Moreland, 2016; Zeller et al., 2020) as evidenced by their popularity of jet colormap in 

MATLAB and Python. Turbo was used in this study instead of jet to avoid ‘banding’ or 

‘streaking’ caused by uneven brightness, a common criticism of jet (Mikhailov, 2019). The study 

supports the preference for rainbow colormaps (Borkin et al., 2011; Zeller et al. 2020), and 

provides evidence for more accurate results (Reda and Szafir, 2021) but with a cost of slower 

response time (Borkin et al., 2011; Liu and Heer, 2018). The post-task question aimed at 

gathering participants' self-reported difficulties in color differentiation, a major criticism of 

rainbow colormaps, however, did not yield the expected results as no participants reported any 
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difficulties. As a result, the impact of colorblindness on the outcome could not be assessed.  

Ironbow had the best performance among the colormaps unambiguously as it had the lowest 

response time and the highest accuracy. Ironbow utilizes two main colors to create a sequential 

colormap in a uniform distribution (Sousa et al., 2020) with increasing luminance and can be 

effective for thermal data visualization (Son et al., 2019). The land surface temperature data is 

interval data and an effective colormap for interval data should have uniform hue or luminance 

distribution (Bergman et al., 1995). In support of an appropriate choice of colormap to visualize 

thermal data, the study results reflected that the ironbow colormap supports its position as an 

effective one. Here, user preference did align well with performance as ironbow was the second 

most preferred colormap. Esri’s temperature colormap (esritemp) was the least preferred 

colormap but was a strong objective performer, and viridis was both a poor performer and not 

well-liked, despite being a favorite of the scientific visualization community for its colorblind-

friendliness and perceptual uniformity from dark to light. (Viridis is now the default colormap in 

both Matlab and Python.) Taken altogether, support was found for Liu and Heer’s (2018) 

hypothesis that using carefully designed multi-hue color schemes can improve the performance 

of visualizations. Higher-resolution drone images had lower response times and higher accuracy 

compared to satellite images, although the response time results were not significant.  

The DSM-shading enhancement to the thermal images allowed users to see the land patterns 

underneath more easily, and two-thirds of users preferred these augmented/shaded images. 

Shading allows for a more direct perception of important considerations such as the orientation 

of rooftops since solar direction plays a role in surface temperature variation (Najafifar et al., 

2019). Performance for this cartographic enhancement was mixed, however, with judgments 

from shaded images made more accurately, but also more slowly. As with the multi-hued 
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colormaps, the reason expected for slower interpretation is that the images contain more 

information, and thus take more time to process. The sub-band entropy metric of “visual clutter” 

(Rosenholtz et. al., 2007) was used to quantify the information content by colormap and shading 

condition (Figure 19). Two items are apparent from this plot. First, enhanced images contain 

more information that is resulting in a higher visual clutter score. Second, multi-hued colormaps 

such as turbo and esritemp have a higher visual clutter score than the simpler sequential color 

schemes ironbow and viridis. It is suggested that the difference in information content, as 

measured by sub-band entropy, explains the difference in response time for the shading condition 

and is a partial explanation of the accuracy/response time patterns observed for the colormap 

conditions. Users are taking more time to interpret the more complex images but are also more 

accurately interpreting them.  

 

Figure 19 Visual clutter score for images in different colormaps with and without shading enhancement 

The study was conducted on the university campus, with 74% of the participants being graduate-

level students and 20% being undergraduate-level students, as indicated in the results of the 

preference. The study's goal was to influence policymakers' ability to interpret urban heat 
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information, but it should be noted that the results may differ if the participants were from a non-

student population. Factors such as sociocultural, economic, and political backgrounds can affect 

cognition and perception of visual stimuli, as shown in studies comparing different cultures' 

visual perception, such as American and Japanese (Masuda & Nisbett, 2006; Miyamoto et al., 

2006), American and East Asian exchange students (Masuda & Nisbett, 2006), and Caucasian, 

African, Asian, Latino, and Multiracial American (Choi et al., 2015). The study by Patterson and 

Jenny (2014) also highlighted differences in how the US and European populations perceive 

hypsometric tints in maps. The study found out that while U.S. population perceive pale orange-

brown representing environmental phenomena, the Europeans describe the color represents 

topographic phenomena. Moreover, while Ooms et al. (2015) demonstrated that higher education 

levels result in better map-reading accuracy, Cybulski (2020) found no statistically significant 

differences in map reading based on age, gender, or frequency of use. Therefore, to gain insight 

into how diverse sociocultural, demographic, and economic factors may influence thermal map 

reading, future studies should consider administering the study with a more diverse population. 
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6. Conclusions and Future Work 

It was hypothesized that the appropriate choice of the colormap, shading augmentation, and 

resolution would improve thermal map reading. Based on the participant’s performance in the 

user study, the ironbow colormap is the most effective one for thermal map reading. Esritemp 

was a strong performer, but it was not well-liked. The turbo colormap was the most popular but 

the users took the longest to interpret, although judgments made from it were among the most 

accurate. Despite being a well-liked colorblind-friendly colormap in the scientific community, 

viridis was a poor performer overall. Overall, response time and accuracy for colormap were 

statistically significant, but preference was not strongly related to performance. The DSM-based 

shading enhancement increases the accuracy of thermal maps; however, the map reading takes 

longer because the enhancement provides an increased complexity in multi-hue and shaded 

images. That results in longer cognitive processing time but ensures higher accuracy.  

The UAV-derived higher-resolution thermal maps (15 cm) produced by drones allowed users to 

make more accurate and faster judgments compared to the coarser resolution satellite imagery. 

The high-resolution drone images also have the advantage of making distinguishable features 

like buildings, trees, parking lots, and recreation areas possible. The large cool areas provided by 

urban forests can be directly perceived in these images, as can the ground shade next to specific 

trees. Contrarily, even the most basic grass-filled spaces next to buildings and parking lots stand 

out as warmer. 

The findings suggest that selecting a colormap with or without shading in a specific resolution 

can have a significant impact on the user's performance when reading thermal maps. A good 

combination of these variables can present a more accurate thermal scenario in a spatial context, 
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potentially adding useful information to thermal maps. The availability of information may result 

in better decision-making outcomes by reducing uncertainty (Shapiro & Varian, 1998). This 

statement is true only when a decision-maker has the ability to process the available information 

(Bazerman et al., 1998; Lachman et al., 1979). As a result of their limited cognitive resources, 

decision-makers may be easily overburdened when too much information becomes available. 

The visual representation of information, on the other hand, may improve a decision-ability 

maker's ability to process information (Coury and Boulette, 1992). 

Future research will build on these findings to move beyond concerns about the effectiveness and 

performance of maps and to concentrate on these larger challenges. The methods used here to 

produce 2D maps can also be used to produce 3D maps. Future research will examine the effects 

of 3D and immersive thermal maps on readers' perceptions of the distribution and origins of 

urban heat. Users using 3D maps might be able to observe how buildings' vertical walls, 

windows, and doors—features that are much more prevalent in daily life than rooftops—emit 

heat energy into the surrounding air. 

Apart from the visualization perspective, future studies could also look at the high-resolution 

nighttime heat variation of urban areas. The Federal Aviation Administration (FAA) recently 

relaxed their flight restriction for operations at night for drones which might open the door to this 

kind of work. Furthermore, machine-learning-based extrapolation of the thermal data collected 

using drones for certain areas within the city to get an overview of the whole city could be 

another aspect that can be explored.  

The results provide actionable pieces of evidence for choosing colormaps, resolution, and 

shading enhancement specifically for thermal map reading. Selecting an appropriate thermal map 
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visualization method will help urban planners, landscape planners, architects, and policymakers 

to understand and communicate the distribution of urban heat in an effective manner. 
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