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Abstract

:

Uncooled thermal imaging sensors in the LWIR (7.5 μm to 14 μm) have recently been developed for use with small RPAS. This study derives a new thermal imaging validation methodology via the use of a blackbody source (indoors) and real-world field conditions (outdoors). We have demonstrated this method with three popular LWIR cameras by DJI (Zenmuse XT-R, Zenmuse XT2 and, the M2EA) operated by three different popular DJI RPAS platforms (Matrice 600 Pro, M300 RTK and, the Mavic 2 Enterprise Advanced). Results from the blackbody work show that each camera has a highly linearized response (R2 > 0.99) in the temperature range 5–40 °C as well as a small (<2 °C) temperature bias that is less than the stated accuracy of the cameras. Field validation was accomplished by imaging vegetation and concrete targets (outdoors and at night), that were instrumented with surface temperature sensors. Environmental parameters (air temperature, humidity, pressure and, wind and gusting) were measured for several hours prior to imaging data collection and found to either not be a factor, or were constant, during the ~30 min data collection period. In-field results from imagery at five heights between 10 m and 50 m show absolute temperature retrievals of the concrete and two vegetation sites were within the specifications of the cameras. The methodology has been developed with consideration of active RPAS operational requirements.
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1. Introduction


With the nearly ubiquitous use of small (under 25 kg) Remotely Piloted Aircraft Systems (RPAS), there are incredibly versatile, capable and, cost-effective systems being applied to a diverse span of applications [1,2,3,4] that can acquire very high quality (4K) optical video and other sensor data, with exceptional stability. Only a few years ago, this ability did not exist or belonged solidly in the realm of high-cost, much larger and lower performing systems. For optical cameras and RPAS, it is clear that very small systems (sensor, avionics, and airframe) are now very capable of producing high quality images and video; but what about the Thermal InfraRed (TIR) and, specifically, TIR Imaging (TIRI) within the Long Wave InfraRed (LWIR) from 7.5 μm to 14.0 μm?



Within less than half a decade, capable small RPAS TIRI systems have been employed in a wide variety of studies, such as forestry [5,6,7], wildlife surveys [8,9,10,11], natural hazards [12,13,14], urban environments [15,16,17,18], archeology [19,20,21], mining [22,23,24], building inspection [25,26,27], etc. These works, as well as many others, have aided the overall technology push toward the use of thermography with small RPAS. This, in turn, has driven the demand for the technology to deliver more robust, accurate, easier to use and, lower cost sensor systems.



The heart of the new breed of easily accessible TIRI cameras is an uncooled radiometrically calibrated microbolometer that is able to produce usable data [28,29,30,31]. Relatively recently, TIRI detectors required cryogenic environments (operating temperatures <−150 °C) in order to produce useful data—due to the inherent thermal noise sources associated with environmental and electronics temperatures [32]. However, present day uncooled TIRI detectors have devised clever ways around this thermal noise barrier, such that the performance of uncooled calibrated TIRI instruments are now sufficient to produce very useful data [28,29,33,34].



With the wide accessibility of low-cost, uncooled TIRI cameras and RPAS platforms, their coalescence was, as with optical systems, inevitable. However, unlike optical imagery, the proper collection and use of TIRI requires greater user knowledge about TIR, including the behavior of materials, sensors, and calibration [35]. One concern is that many users of TIRI are unaware that the calibration of the instrument is obtained in a highly idealized laboratory-based environment and also, that it may change over the course of transport and real-world conditions.



Within the following work, we present the development of, and present our approach to, collecting and validating TIRI from real-world field examples. This work relies on validation of indoor (non-laboratory) blackbody measurements, and in-field surface temperature measurements of common target materials. We evaluate three different uncooled manufacturer radiometrically calibrated TIRI cameras of various ages and abilities, on three different RPAS airframes taken under the same environmental conditions. From those data, we analyze and show the abilities of these systems to replicate surface temperature measurements of known sources, and provide examples of the applicability of the uncooled TIRI cameras for RPAS in real-world environments.



Finally, it is important to explicitly state that our objective was to do a validation that can be done by most RPAS operators of TIRI systems, either pre- and/or post- campaign, to ensure that their cameras are operating within the specifications of the calibration. We are not seeking to do a field-based calibration of the camerasince true calibrations are an entirely different process requiring a highly controlled environment for temperature, pressure, humidity, air movement, etc.



Previous Work


Principally, due to the “newness” of the small RPAS TIRI ability, there are relatively few studies in the literature [36,37,38,39] that endeavor to address the issue of TIRI sensor calibration or validation. In [36], an in-field (non-laboratory and exposed to the natural environment) blackbody was used as a thermal target within the imagery with the development of a vicarious calibration method. This work included the environmental influences (e.g., wind, humidity, etc.) as part of an overall correction factor, along with other sensor-specific influences on the data. In a different approach than [36], Ribeiro-Gomes, K. et.al. [37] used a blackbody source to characterize their TIRI system before flight and also use a variety of methods—including artificial neural networks—to perform a calibration of the instrument from the blackbody measurements. The results of the analysis of the calibration method, image filtering, and geocorrection improvements were applied to a field-level data collection campaign over a vineyard. This method resulted in an increased accuracy with the use of neural networks and a requirement to use more accurate spectroradiometers in follow-on work for the blackbody calibration process.



Work by [38] using TIRI on RPAS and piloted aircraft produced results from snow, water and forest canopy as validation targets. The conclusions of this work were that there is a significant component of instrument bias in the resulting TIRI data as well as difficult spectral mixing conditions at boundaries of the validation material. Still more recently [39], a calibration procedure applied to thermographic RPAS cameras for use in the field has developed new electrical hardware and methodology for RPAS TIRI calibration within a controlled laboratory environment that provided the necessary calibration function to go from digital numbers through to calibrated temperatures.





2. Materials and Methods


2.1. RPAS Airframes and Cameras


Da-Jiang Innovations, Shenzhen, China (most commonly referred to as DJI) is the largest and most popular civilian multirotor VTOL (Vertical Take-Off and Landing) RPAS manufacturer in the world. As of 2019, DJI systems comprised 76.8% of the market in the USA (based on FAA registrations) [40]. As such, we have chosen three DJI RPAS models with TIRI capabilities, they are: the Mavic 2 Enterprise Advanced (hereafter M2EA), the Matrice 600 Pro (hereafter M600P) and, the Matrice 300-RTK (hereafter M300) (Figure 1). Table 1 contains general physical [41,42,43] and costing information for each of the RPAS airframes.



The M2EA airframe is the only one of the three tested here that has the dual TIRI/visible camera and gimbal system form-integrated into its airframe. Therefore, unlike the M600P and the M300 airframes, the M2EA is not suitable for interchanging with other camera systems. Both the M2EA and M300 geotag the thermal images with RTK (Real Time Kinematics) corrected positional information, which allows for accurate (<3 cm horizontal) geopositioning [44]. However, because it does not use a local base station, in order for RTK to be enabled on the M2EA, an external cellular internet connection and incoming corrections are necessary. While the M600P uses the RTK module in differential mode for flight control, the geotags of the XT-R are based on the basic GNSS (Global Navigation Satellite System) position.



Unlike the M2EA, the M600P and the M300 airframes are able to carry a wide range of payloads, including various TIRI systems and gimbals. This is due to their payload carrying capacity—up to 11.5 kg and 2.7 kg, for the M600P and M300, respectively. The M600P and the M300 airframes are also more robust than many similarly classed airframes in terms of general physical presence, flight endurance and having a wider operational envelope. The M300 has an Ingress Protection (IP) rating of IP45, meaning it is protected against solid objects that are >1.0 mm in diameter, and also from water coming from any direction.



As this study is focused on TIRI for RPAS, we have selected DJI’s M2EA, the Zenmuse XT-R and the Zenmuse XT2 cameras for comparison. We distinguish the XT-R (radiometrically calibrated) version from the non-calibrated performance version not tested here. Standard specifications of each camera is shown in Table 2 [41,45,46]. The XT2 is the only camera tested that has an Ingress Protection (IP) rating (IP44), which indicates that it is protected from solid (i.e., dust) and water particles/drops larger than 1 mm. Considering that these cameras are some of the most popular models for RPAS TIRI, the outcome of this comparison is expected to bring some insight into the potential impacts that newer/older, smaller/larger and, expensive/cost-effective technology may have on the quality of data produced. For greatest accuracy of measurement, all three cameras are recommended for use by the manufacturer in applications where the emissivity (see Section 2.2.1) of the material under study exceeds 0.9. All three cameras have high and low gain modes; in this study, all data were acquired in high gain mode to increase sensitivity (at a loss of the overall usable scene temperature range).




2.2. Blackbody Indoor Camera Validation


2.2.1. Thermal Radiation


In considering the thermal behavior of a material, it is very useful to invoke the construct of a “blackbody”—a theoretically perfect radiator that absorbs all incoming energy (no reflection) and, when in equilibrium, becomes a perfect emitter. Therefore, when in thermal equilibrium, a blackbody is both a perfect absorber and emitter of incident radiation. An important quality of the surface is that it is perfectly isotropic, emitting and absorbing incident radiation without directional bias.



To understand the blackbody energy relationships of interest to this study, we begin with Planck’s blackbody radiation law (Equation (1)), which describes the intensity of the electromagnetic radiation emitted by a blackbody at a given wavelength as a function of its temperature,


   I λ  =   2 π h  c 2     λ 5   (   e   (    h c   λ k T    )    − 1  )     



(1)




where, Iλ is the spectral emissive intensity (W∙m−2∙sr−1∙µm−1) of the radiation emitted by the blackbody at a given wavelength, λ (in µm), T (in kelvin) is the absolute temperature, h is Planck’s constant (6.626 × 10−34 J∙s), c is the speed of light (2.9979 × 108 m∙s−1) and k is the Boltzmann constant (1.380649 × 10−23 J∙K−1).



In work with electromagnetic sensors and imaging systems, one of the main quantities of interests is the energy at which a system radiates. Therefore, with Equation (1) as a basis, the total emitted radiation (E) of a thermal system is well-known to be a function of the temperature associated with the body and is given as:


  E = σ  T  4    



(2)




where, σ is the Stefan–Boltzmann constant (5.670374 × 10−8 W∙m−2∙K−4) [47]. Equation (2) shows that there is a relatively simple relationship between the temperature of a body and the energy of that body and that it is proportional (by the Stefan–Boltzmann constant) to the 4th power of the temperature. The important behavior that Equation (2) is able to determine is that a change in temperature within a system (a body) produces a large change (relative to the magnitude of the temperature change) in energy output for the system.



While Equation (2) is certainly useful in many respects, for this work, we are primarily interested in a subset of wavelengths due to the fact that imagers have a finite sensitivity over specific wavelength ranges (7.5–14 μm in our case—from Table 2). Fortunately, there is a well-known derivation (Wien’s law) of Equation (1) that determines the wavelength at which the maximum radiant energy (λmax) is produced as a function of temperature, and is given below as:


   λ  m a x   =  b T   



(3)




where, b, is Wien’s constant (2.8978 × 10−3 m∙K). We note that while Equation (3) determines the maximum, or peak, wavelength, it cannot be forgotten that there remains a continuum of wavelengths produced from a body, at temperature T above 0 K. This continuum is fully described by Equation (1) and is the blackbody curve for that temperature.



Although the construct of a perfectly emissive radiator (blackbody) is well-defined, real-world materials deviate from this perfect behavior by emitting less energy than that predicted by blackbody theory. This deviation is captured by the emissivity coefficient (ε) and is quantified as the ratio of the energy emitted from a material’s surface (Em) to that emitted by a blackbody (Eb):


  ε =    E m     E b    .  



(4)







Emissivity is a unit-less characteristic of real-world materials that is dependent on several factors including: wavelength, temperature, material composition and surface characteristics (including, roughness, angle and direction). It is the most important factor of a surface that affects the amount of energy radiating from it [48]. The closer the value of ε is to 1, the greater is that material’s thermal behavior approximating that of a blackbody. Accordingly, objects with high ε absorb and radiate large amounts of energy, while those with low ε, such as most metals, absorb and radiate low amounts of energy but are highly reflective. Therefore, in order to retrieve accurate surface temperatures of real-world materials, it is fundamentally important to correct for the ε of the materials. In general, when collecting the raw TIRI data, the radiative temperature is often acquired and expressed as Brightness Temperature (BT). The BT represents the temperature that a blackbody would be at in order to generate the observed radiance at the given wavelength (as ε = 1 in this case). It is important to note that BT produces incorrect surface temperatures for real materials; therefore, it is necessary to apply the correct emissivity value (from Equation (4)) in order to determine the true surface temperature of a material.



While emissivity is certainly important, there are also energy contributions from a number of other factors that need to be taken into account with typical RPAS TIRI estimations of surface temperature (Figure 2). As an example, sky/cloud contributions heavily depend on the condition (i.e., percent cloud cover and cloud type) with clear skies contributing the least. In contrast, thick cumulus clouds contribute considerably more energy to the measurement [49].




2.2.2. Indoor Camera Validation—Blackbody Radiator


While it is often the case that small RPAS radiometric TIRI cameras come with a factory calibration certification, it is important (often necessary in practice) to validate if the calibration remains accurate at or near the time of the survey. The two primary reasons are that, (1) often there has been some physical jarring action during transport, which can potentially cause the unit to become uncalibrated and (2) all camera systems are not created equal, with quality greatly differing between them. The validation of TIRI systems involves the use of a stable calibrated blackbody source. In this study, we used the FLUKE 4180 Calibrator (Fluke Corporation, Everett, WA, USA) [50] as the target source for the validation. The FLUKE 4180 is a well-known portable blackbody operating within the −15 °C to 120 °C temperature range with a large 15.24 cm diameter target radiator. Over the temperature range of this work, the calibration error was 0.4 °C (obtained via the instrument’s calibration certificate) at each temperature measured. The unit has a stability of +/−0.05 °C and +/−0.10 °C at 0 °C and 120 °C, respectively. Over the central 12.7 cm diameter of the target, the radiator has a uniformity of +/−0.1 °C and +/−0.20 °C at 0 °C and 120 °C, respectively. The unit has a nominal emissivity of 0.95 but is applicable over the range of emissivities (0.9 to 1.0) via thermometer emissivity compensation. As it was calibrated for ε = 0.95, all the imaging measurements for this work have used the 0.95 nominal emissivity value. As per the instructions of the manufacturer, the unit requires 10 min of settling time after reaching the desired testing temperature to ensure the stability of the target radiator. Figure 3 shows the set-up of the indoor validation exercise.



The motivation of this validation process was to set the blackbody source at a distance away from the cameras that is greater than the minimal focal distance of the camera (for the XT-R and XT the minimum focus distance is 7.6 cm and ~3.2 cm for the M2EA [41,45,46]). Then set the temperature of the blackbody and let it settle to ensure uniformity. After settling, image the blackbody source with the central pixels of the camera and then go to the next temperature, let settle and image—repeat as per necessary for the temperature range expected by the phenomena under investigation. Then, to ensure the instrument and related software are properly accounting for distance, we doubled the distance and re-image at the same temperatures. In this process, we have used the central pixels as they are often (but not always) the ones of concern when we investigate any phenomena. This method, of course, is not entirely complete as the non-central pixels do not image the blackbody; however, we are proposing a realistic method to field-validate RPAS imagers. In order to fully validate the imager, each pixel of the imaging camera should image the central area of the blackbody target. Since we are interested in field-applicable methods, and our imager is 640 × 512 pixels, it is not at all practical (to the RPAS operations) to test more than the central pixels.



We set-up air temperature, pressure, humidity and air speed monitors within the indoor space using the HOBO™ (Honest Observer By Onset) smart sensor system (Onset Computer Corporation, Bourne, MA, USA). The HOBO system is a well-known and highly used suite of field-proofed environmental measurement instruments [51,52,53,54]. During the entire time of the exercise, there was no measurable flow of air, which was not unexpected as we performed this work indoors with no forced air circulation. However, it was necessary to ensure this wasthe case.



Each RPAS camera was positioned at 2 m distance to the blackbody and normal (90°) to the center of the face of the radiator target, so that any angular dependence of measurement was fundamentally restricted to being perpendicular to the measured surface. We then allowed the blackbody to come to the first temperature (5 °C) and once at that temperature, we let it stabilize for 10 min. With each camera in succession, the blackbody radiator target was imaged with the central portion of the camera’s FOV. The blackbody temperature remained constant at the set point while the camera was moved to 4 m from the blackbody target and then each camera re-imaged the blackbody target again. The use of two distances (2 m and 4 m) was an exercise to determine if there were considerable differences in measured temperature as a function of distance, even though each camera has a small focal length of 9 mm (M2EA) or 13 mm (XT-R and XT2). Once all cameras had imaged the blackbody target at both distances for each temperature, the temperature was increased to the next setting and the process was repeated. We selected eight temperature settings (5, 10, 15, 20, 25, 30, 35 and, 40 °C), over a range of 35 °C, that are uniformly spaced and would replicate the air and target temperatures expected in real-world environmental applications. As well, this process ensures the evaluation of the camera performance near to, and including, temperatures beyond those of interest to the application. In our case, the application temperatures of interest were from 15 °C to 25 °C.



The indoor blackbody validation data were acquired over a period of 2.5 h, after set-up, where the majority of that time was dedicated to allowing the blackbody target radiator to settle after reaching the testing temperature. Once the temperatures were recorded by the TIRI cameras, the images were processed in FLIR Thermal Studio (Teledyne FLIR, Wilsonville, OR, USA) in order to account for emissivity, distance to source, air temperature, humidity, and optics temperature. As the images from the M2EA cannot be directly read by FLIR Thermal Studio, they were first converted to a standard FLIR radiometric jpg with ThermoConverter (Aethea, London, UK).





2.3. Outdoor Field Trial


2.3.1. Study Site Set-up


The location of the field trial was at a private RPAS test site near Vaudreuil-Dorion, QC, Canada (45°26′23″ N, 74°13′05″ W). The extensively instrumented ground site is shown in Figure 4. The ground site set-up and the instrument distribution included: 2 differential RTK base stations supporting the M300 and M600P, HOBO environmental measurement station, vegetation validation targets, an InfraGold target panel and, concrete slab validation targets. The RTK base stations were used during the trial to replicate flight conditions appropriate to larger area TIRI acquisitions.



The HOBO environmental monitoring instrumentation (Figure 5) consisted of measuring the following (with model numbers): an anemometer (S-WSA-M003) for measuring wind speed, and wind gust, air temperature (Tair) and relative humidity (RH) ((A-THB-M002), solar shielding (RS3), air pressure (S-BPB-CM50), two in-canopy vegetation temperatures (S-TMB-M006), and two soil temperature probes (S-TMB-M002). The electronics and data collection units (H21-USB) were stored under the tripod. Tair and RH are integrated into one unit (S-THB-M002), and were placed under the solar shield (RS3) in order to obtain accurate Tair and RH measurements free from the effects of direct solar radiative heating [51].



While, Tair will have a large impact on surface temperature, wind speed has been shown to induce substantial localized cooling depending on its value over a sustained period of hours. Wind-induced surface cooling arises as a case of forced convective cooling and is proportional to the temperature differential between the air in motion and the surface [55]. Several studies using TIRI have shown and measured this effect on surfaces of buildings [56,57], and on the bare ground overtop of heating pipe systems [58]. In general, these studies show that with wind speeds below 2 m/s the effect is negligible, or at least at the limit of the resolution of the TIRI data. The work of [58] remains as one of the few examples of TIRI-derived temperature measurement as a function of increasing wind speed. In [58], TIRI taken overtop of buried heating pipes have shown that winds below ~2 m/s did affect the measurements but the value of this effect (~+/−0.2 °C) is less than the error in the TIRI data. In more recent work, [56] found that for many building surfaces, winds up to even 5 m/s did not significantly alter the values obtained via a TIRI survey. In an even more recent work, [57] generalized that wind pulsations (gusting) induced changes with TIRI data as being “not-critical” for speeds of up to 2 m/s. Sustained wind periods of several hours before data collection did have an impact on the surface temperature and should be avoided during those times. As a result of this known wind-induced cooling, the majority of past studies identified that it is often necessary to install the environmental monitoring equipment (Figure 5), at least several hours before TIRI data collection.



Figure 6 shows the three targets of interest for this study, the InfraGold panel, the concrete slabs and, the in-canopy vegetation and soil targets. The diffuse InfraGold panel (25.5 cm × 25.5 cm), is being used only to determine if there is a significant contribution to the signal from the downwelling irradiance of the open sky [49]. Having an ε = 0.06 means that it is highly reflective and as it faces the sky, the conditions it presents to the imager is that of the sky with negligible contribution from its own emission (i.e., less than the detection limit of the TIRI camera) at most ambient air temperatures at which RPAS TIRI is carried out.



The patio stone concrete target, Figure 6B, were in place for several years prior to the experiment and, therefore, was in good contact with the underlying soil. The surfaces of the concrete slabs were weathered. Three FluxTeqTM PHFS-01-e 1 × 1” standard heat flux sensors (Flux Teq, Balcksburg, VA, USA) were connected to a high resolution, 8 channel thermocouple data acquisition device (TC-DAQ) logging to a laptop. The PHFs-01e have a nominal sensitivity of 9.0 mV/(W/cm2) and a specific thermal resistance of 0.9 K/(kW/m2) [59]. The PHFs-01e heat flux sensors were adhered to the concrete using Arctic MX-4-4G thermal compound paste (carbon micro-particle based) (Arctic GmbH, Braunschweig, Germany). One of the three flux sensors did not properly adhere to the surface of the concrete, and thus those data were ignored in this study.



The soil and in-canopy temperature sensors were configured to work in pairs where the soil temperature probes were placed directly below the in-canopy temperature probes at a depth of 5 cm from the surface. In our set-up, shown in Figure 5E and in detail in Figure 6C, the T1 and T2 sensor pair was located 1 m north of the middle of the anemometer tripod. The in-canopy sensor (T1), located by the red arrow in Figure 6C, was held in place by a nylon cord that was attached to wooden stakes driven into the ground approximately 5 cm on either side of the sensor. This was necessary as curious field animals have a tendency to remove these sensors when left in place overnight. The other pair of in-canopy and soil temperature sensors, respectively, T3 and T4, were installed in the same manner, 1 m south of the anemometer tripod (location F in Figure 5). The vegetation target area is composed of a heterogeneous mix of grasses, white clover, dandelion and detritus, as well as void space. The overall result is that the soil is fully overlaid by the living vegetation canopy and its detritus. At the time of the TIRI measurements, the height of vegetation was ~10 cm. The soil and in-canopy sensors were installed and logged continuously for 12 days prior to the acquisition of the RPAS TIRI images.




2.3.2. RPAS TIRI Acquisition


The TIRI RPAS measurements were made after twilight (21:25 EST) on 5 July 2021 in order to ensure that solar irradiance would not influence the measurements. For a large amount of TIRI work, it is highly desirable to work after twilight in order to eliminate the potentially large non-linear differential solar contribution to the measured signal (Holtz 2000). For the TIRI acquisition starting at 10 m height above the study area, the first RPAS airframe hovered over the targets and acquired a thermal image—manually triggered by the operator. It then ascended to 20 m and repeated the acquisition. In this manner all three airframes completed the acquisition of the TIRI at heights of 10, 20, 30, 40 and, 50 m. The multi-altitude data set was acquired over a period of ~30 min. Even though each of the thermal cameras carry out flat field corrections (FCC) at power up and periodically during use, a supplemental FCC was triggered by the operator prior to the acquisition of each image. The FCC compensates for errors that occur during operation—such as those induced by temperature change at altitude. The images were processed in FLIR Thermal Studio to account for height (i.e., distance from target), atmospheric temperature, relative humidity and reflected temperature. The external optics temperature was set to Tair recorded at the time of acquisition. The images were processed with three different emissivity values, 1 for BT, 0.98 for grass and 0.95 for concrete. As with the blackbody radiator experiment, the M2EA images from this test were also first converted to a standard FLIR radiometric jpg with ThermoConverter.



In this work, we have used the value of ε = 0.98 for vegetation, which is based upon [60] (as cited in [61]) who have suggested this value for a general canopy emissivity. The value is further supported by [62] who have described grass emissivities for complete and partial canopy covers ranging from 0.956 to 0.986. More recently, [16] have used ε = 0.979 for grasses and ε = 0.977 for canopy cover, and [61] used ε = 0.98 as the vegetation canopy emissivity in non-arid environments. The emissivity value used for concrete (grey weathered, rough surface) was obtained from [63] where a large number of urban materials have undergone emissivity determination within the 8–14 μm range.






3. Results


3.1. Indoor Blackbody Validation


During the indoor trial, the environmental parameters were reported as: Tair average of 20.6 °C (ranged from 20.2 °C to 21.0 °C), RH average of 70.9% (ranged from 69% to 71.7%) and barometric pressure average of 1009.2 mbar (ranged from 1008.5 mbar to 1009.9 mbar). For the purposes of this work, we used the average Tair, pressure and RH for the calculation of the environmental temperature, in the vicinity of the blackbody, by each camera. The imagery obtained from each camera showed that the blackbody radiator target was well identified at each of the eight temperature settings. Examples of the imagery are shown in Figure 7 for the XT2 camera, at 2 m and 4 m distance, for 5 °C and 40 °C, respectively. The pixels in the central portion of the blackbody radiator (all within the 12.7 cm diameter of the central area of the radiator) were used in the subsequent analysis of the temperature measurements. The portion of the image outside of the area of the circular blackbody radiator exhibits less detail (lower contrast) as the material within the room was at or near the average indoor ambient temperature of 20.6 °C. A total of 830–950 pixels comprised the area extracted for analysis at 2 m and 220–230 pixels at the 4 m distance.



The measured results for each camera at all temperatures and distances, are shown in Figure 8 along with the best fit lines and uncertainties related to the measurements. The data used for Figure 8 is provided in Table A1 in Appendix A. The error bars shown for each plot arise from the range (minimum and maximum values of the central pixels) of the measurements themselves. Also presented in each plot is the corresponding 1:1 temperature line (black solid) that represents the theoretically perfect blackbody target temperature and the uncertainty (black dashed lines) corresponding to the +/−0.4 °C uncertainty value that was supplied by the calibration certificate. For each data set shown in Figure 8, statistical analytics describing the linearity of the response and the deviation from the blackbody source are shown in Table 3.



Overall, Figure 8 shows that each camera is highly linear over the temperature testing range of 5 °C to 40 °C. The linear relationship for each camera shown in Figure 8 is reflected, numerically, in the results of Table 3 with each best fit line having an R2 > 0.99 The 95% confidence intervals of the slope for the M2EA at both distances are the only ones that do not span 1.0 (i.e., slope of the 1:1 line) substantiating the larger underestimation of the blackbody temperatures of 5 °C and 10 °C see in Figure 8A,B. Over the temperature range investigated with the blackbody (35 °C), the M2EA had the greatest temperature difference (ΔT) (36.2 °C at 2 m and 39.3 °C at 4 m) from the ΔT of the blackbody (35 °C). In contrast, the XT2 had the least difference with a ΔT of 35.8 °C and 35.6 °C at 2 m and 4 m, respectively. The standard deviation for the measurements at each temperature was less than 0.15 °C for all cameras indicating a consistency in pixel values across the imaged surface of the blackbody (Table A1).



The analysis results for each camera at each distance are summarized in Table 3 and indicate that all cameras, in general, underestimated the blackbody temperatures. At the 2 m distance, the greatest deviations in the measured temperatures were found to be −3.1 °C and −2.2 °C for the M2EA at blackbody temperatures of 5 °C and 10 °C, respectively. At the 4m distance, the XT-R camera had the greatest deviations from the blackbody with −2.9 °C and −1.9 °C at 40 °C and 5 °C respectively (apparent in Figure 8 as well). The largest RMSE values at both distances are seen for the XT-R (0.94 °C and 1.12 °C). It also presents the greatest bias at both distances of −1.00 °C and −1.15 °C (Table 3, Figure 8). Consistently at both distances, the XT2 has the lowest bias (−0.21 °C and −0.23 °C). While its RMSE values were not as low as that of the M2EA (<0.4 °C), they were still less than 0.7 °C for both distances.




3.2. Outdoor Field Trial


Environmental Conditions


As previously noted, when considering doing TIRI work, the need to collect environmental data (Tair, wind and gust speed, RH, and air pressure) for several hours prior to taking thermal measurements is imperative. In our work, the results of these environmental measurements for the two hours prior to the end of the RPAS TIRI collection are shown in Figure 9 (along with the start time of the RPAS survey). On the day of the survey, twilight occurred at a time of 21:25 EST.



Figure 9A shows the temperature profiles of each sensor that measured the vegetation (T1 and T3), soil (T2 and T4) as well as that of Tair, for direct comparison. As a result, it is clear that variation in soil temperatures (1.0 °C) does not experience the larger fluctuations evident in the vegetation (3.3 °C) or Tair (2.1 °C). The soil profiles (T2 and T4) are also very similar in values, having a maximum difference of 0.07 °C (well within the +/−0.2 °C accuracy of the sensors); they also show a constant cooling slope over the first 90 min and again over the last half hour of the trial period (~2 h). The small change in cooling slope for the soil is likely due to the delayed effects of the increasing Tair and vegetation temperatures. A similar relationship to soil exists for the vegetation sensors (T3 and T4) where they mimic each other’s profiles, however, there are differences that amount to ~0.7 °C (nearly 10 times that of the soil profiles) which is larger than the error of the sensors and is therefore, real but still quite small. T1 and T3 also mimics Tair (with some offset in time and a larger offset in temperature) but to a lesser degree. It is also evident that Tair has the most influence on the variability of T1 and T3; moreover, during the time of the RPAS survey (shown in Figure 9A), Tair, T1 and T3 experience ~0.5 °C of variability, which will be considered as remaining essentially constant for the duration of the survey.



For the environmental factors in Figure 9B, the time during the RPAS TIRI data collection period shows small amounts of variability—with barometric pressure varying by 0.2 mbar and RH by 5.9%. Therefore, we are treating these parameters as being essentially constant for the purposes of calculating source temperatures from TIRI. In this study, the wind and gust averages for the 2 h prior to the end of the trial were 0.01 m/s and 0.03 m/s, respectively—well below the 2.0 m/s value where they would start to influence the surface temperature measurements. Moreover, the maximum gust speed obtained was 2.0 m/s for a single point anomaly (at time point 108 in Figure 9B). Under these conditions, we can confidently say that the wind had no effect on the targets of interest.



While the environmental parameters in this study have been shown to be essentially constant or insignificant, it is important to measure the variables, in situ [14], as it could easily have been the case that the conditions exceeded the bounds of influence for TIRI temperature retrieval. Furthermore, the variables of humidity and Tair, along with an assumption of constant and near standard air pressure (1000 mbar), are required input values (or assumptions) for the radiometric correction software.





3.3. TIRI


3.3.1. Brightness Temperature


As previously discussed, BT is the collection of TIR measurements with ε = 1. It assumes all radiating surfaces in the scene are blackbodies. While BT is not an accurate measure of surface temperature for real materials, it is useful to compare these values across the scene and for quickly identifying changes in the thermal properties of the area under investigation. The relative differences within the imagery can provide a “quick view” of the potential areas of interest. As an example, Figure 10 shows the results of collecting 20 m and 50 m height TIRI with each camera in this study. It is clear from the 20 m data that all the features we are interested in, (i.e., InfraGold panel, vegetation and, the concrete patio stones), are all identifiable, while the larger area of the 50 m data also shows a curious high temperature linear feature (shown by the red arrow) cross-cutting the direction of the dirt road (brightest feature in the imagery from all three cameras). This feature was later investigated and found to be a buried drainage pipe under the roadway.




3.3.2. InfraGold Panel


To reiterate, the InfraGold panel (ε = 0.06) is used in this study as an indicating tool to determine if the thermal contribution from the sky is, or is not, significantly contributing to the TIRI data. Results from FLIR Thermal Studio of the InfraGold panel derived temperatures (at ε = 0.06) produced open sky average temperatures <−60.13 °C. This value derived for the panel constitutes the lowest temperatures that FLIR Thermal Studio could produce, however, the lowest limit for all three cameras in high gain mode is −25 °C. Therefore, we can only state that the reflected sky temperature from the panel is <−25 °C (as shown in Figure 11) indicating a negligible downwelling contribution. From Equations (1) and (3), the <−25 °C contribution provides a corresponding intensity of <3.85 W/m2/sr/µm at a maximal peak wavelength at ~11.678 μm for the panel surface. Comparing this with an average temperature for the vegetation scene at 19.5 °C, which, through Equations (1) and (3), gives an energy of ~8.79 W/m2/sr/µm at a peak wavelength of ~9.9 μm. In addition, because the 11.678 μm peak is near the edge of the sensors’ measurable response, the effects from the downwelling irradiance are not appreciably impacting this work.




3.3.3. Concrete Patio Stone Target


Figure 12 provides an example of the results of imaging the concrete target with the XT-R camera at 20 m altitude with an emissivity of 0.95. Because of the 41 cm width of the concrete tiles, only the 10–30 m altitude images were included in the analysis. Considering the largest pixel pitch (i.e., 17 µm for the XT-R and XT2) and the 13mm lens, in order to retain the recommended minimum region of interest size of 10 pixels diameter [41,45,46], ensuring accurate temperature retrievals, the sensor/target separation can have a maximum value of 30 m. With fewer pixels, the spot size effect results in lower accuracy measurements due to contamination (spectral mixing) from neighboring materials.



The results of applying the emissivity corrections for concrete to the TIRI data from each camera are shown in Figure 13. The contact measurements from the PHFS-01-e sensors indicated a temperature of 23.8 °C during the data collection. At 20 m and 30 m, the M2EA reports the closest surface temperature to the PHFS-01-e (over estimation of 0.3–0.5 °C.) At the 10 m height, however, the M2EA overestimated the concrete temperature by 1.8 °C. At 20 m and 30 m both the XT-R and XT2 have a similarly large deviation from the in situ measurement, although in opposite directions (−1.1 °C, −1.2 °C for the XT-R and 1.0 °C, 1.1 °C for the XT2). At 10 m height, the XT-R was the most similar to the in-situ temperature of concrete (−0.3 °C difference) in comparison to the M2EA and the XT2, which both overestimated the surface temperature by 1.8 °C. In context, however, while the deviations from the in situ measurements are greater than the bias reported with the blackbody experiment (Table 3), they are all relatively small (<2 °C).




3.3.4. Grass and Soil


While vegetation targets are complex, due primarily to water content, air space and canopy distribution, they are, nevertheless, important to include as a great deal of outdoor work involves their measure [64,65]. Figure 14 shows an example of a TIRI image of the grass (ε = 0.98) from the XT2 camera at 40 m height. In the image are two black squares (10 cm × 10 cm) of aluminum tape that have been used as markers (due to their very low emissivity- providing high thermal contrast) to locate the areas of the in situ temperature sensors in the resulting TIRI. The markers were placed ~10 cm adjacent to the areas of the in-canopy temperature sensors, bookending the areas of investigation.



Results for vegetation was obtained by comparing the TIRI data from each camera at each height with that of the in situ ground measurements are shown in Figure 15 and Figure 16. For the most part, the grass temperature estimate from the M2EA lies between the in situ temperatures obtained for grass canopy and soil for both T1/T2 (Figure 15) and T3/T4 locations (Figure 16). The actual location (on the temperatures axis) that the grass and the image measurements lies at is a function of air temperature, air space within the canopy and the coverage of the vegetation over the soil. As the soil sensor was emplaced 5 cm below the surface, and below the root mat, its value represents the true temperature of the upper surface of the soil. As seen in Figure 13, the TIRI temperature values from the M2EA camera, exhibit the greatest deviation from the in situ measurements. As with the concrete example in Figure 13, the source of this anomaly has yet to be determined. At both vegetation sites, across heights, the XT-R camera is most similar to the measurements of the in situ soil probes (0.3–0.8 °C difference). In contrast, the XT2 is most similar to the grass canopy in situ probes at both vegetation sites (0.7–1.3 °C difference) (Figure 15 and Figure 16). As expected, for all three cameras, the greatest variability in the temperature of the grass pixels is seen at the 10 m height (smallest pixels). For the XT-R and XT2, the range of grass pixel values is lowest but similar across the 30–50 m heights. As seen with the concrete target (Figure 13), the deviation of the TIRI estimated temperatures is mostly greater than the bias determined from the blackbody experiment (Table 3); nevertheless, the differences seen for the grass canopies and soil are small for all sensors (<2.5 °C and <2.0 °C respectively).






4. Discussion


The overall results obtained from the blackbody work, show that each camera has performed within the uncertainty envelopes of their calibration, and thus, are validated for use within the constraints of that calibration. Further, this work has shown that there is essentially, no appreciable difference in validation results or camera performance as a function of distance—under the constraints of 2 m and 4 m distances—which may be extended with caution to suggest that these same results hold when the distance is doubled if the source is relatively close to the camera. All three cameras showed high linearity in their response and low errors for all targets (blackbody, concrete, soil) with differences <2 °C between them (except for the blackbody measurements with the XT-R camera at 5 °C and 40 °C—which are outside of the environmental range of the field study).



It is evident from the results of the concrete targets and both vegetation sites, that temperatures retrieved with the XT-R camera are consistently lower than those of the other two cameras. While the temperature retrievals for the vegetation and soil plots show that the XT2 overestimates the grass temperature they also show that the M2EA falls between the values for the vegetation and the soil. However, all the systems generally performed within 2 °C (i.e., ΔT ≤ 2 °C) of the in situ measured temperatures of the targets.



In the context of how this work fits into that of previous studies, our methodology and results have taken several parameters into account that were either missing or were identified as topics of further work. For example, the process we showed herein is very different from [36], due primarily to our night time operations at the field site; further, we also consider environmental factors, such as air temperature and humidity. In [36], the in-field blackbody target was imaged; however, no accounting for environmental factors such as wind, humidity or air temperature was performed but rather considered as a portion of a common residual bias offset of 2.67 °C. Furthermore, the work was performed during the daytime (between 07:10 and 14:00) when solar heating effects have a significant non-linear impact [54,66,67] even over the timespan of an RPAS flight—typically under 30 min.



Comparing our current work to that in [37], shows the similarities in thought behind the use of the indoor blackbody to characterize the sensor before flight campaigns. While [37] provides a vicarious calibration, we have focused on validation for the reasons outlined previously in this work (calibration requires a highly controlled environment and exceedingly accurate radiometric instrumentation—as was the outcome concluded in [37]). Further, in [37], there was no mention of collecting or addressing environmental data nor the use of any in-field thermal calibration targets, although they did validate their neural network-based photogrammetry process which aided in improving the accuracy of their imaging. Also, as in [36], [37] collected their field-based TIRI during the daytime and therefore, previous statements for [36] on that practice also apply to the work of [37].



In the work by [38], a constant 0 °C value for the imaged surface of melting snow targets was used; however, it was identified that the vicarious calibration method employed, performed better without the natural target of the melting snow surface. The melting snow target temperature was found to be variable and correlated to underlying forest vegetation conditions. Moreover, retrieved TIRI data showed spatial pixel size temperature dependencies, angular dependencies as well as mixed pixel issues with more dense forest canopy. In our work, we have developed a method that is not being influenced by such sources.



The calibration work of [39] produced TIRI of an ice bath for evaluation. While [39] provides support for the idea of requiring accurate RPAS TIRI, it has not provided those results in a field environment under RPAS flight conditions—which is stated within [39] as a suggestion for further work. The work of this study has developed a field-level validation method (not the same as calibration) in order to determine if the calibration (be it manufacturer or based on [39], or similar methods) remains applicable near the time of the RPAS work.



In our study, all cameras have performed as per specifications, and therefore, it may be difficult to decide which of these cameras to use. As all three produce essentially identical ground pixel sizes (the M2EA produces slightly larger pixels, due to the slightly larger FOV, ~0–2 mm difference within an image square pixel of ~10 cm side length, and have nearly the same noise floors (<50 mK), the decision may be best decided by the non-thermal portions of the system. Both the M300 airframe and XT2 camera have ratings of IP45 and IP 44, respectively, and are thus, essentially waterproof—neither of the other two cameras, nor airframes, have an IP rating. The XT-R camera requires a stationary drone to take the images (otherwise the results have considerable blur), while the XT2 and M2EA can acquire with slow but continuous flight speeds. The M2EA is, by far, the easiest to transport, followed by the M300 and finally the M600P, which is difficult due to the 67 cm length of side and cube shaped case. While the M300 and M600P require a separate ground station with tripod to function in RTK mode, the M2EA is fully self-contained and only requires a Wi-Fi connection and incoming corrections for RTK mode. The inclusion of a 4K visible RGB camera coincident with the thermal cameras with the M2EA and XT2 is a large advantage in many applications during daytime hours. However, care must be taken with all three cameras not to burn the thermal sensor from incoming solar radiation. For applications that require stealth, such as wildlife studies [9,11], RPAS size and rotor noise (more significant with the M600P) is a primary concern. Further, payload and ancillary sensors (hyperspectral, LiDAR, etc) are often a complementary desire with TIRI, therefore RPAS payload capability will play a dominant part of the selection criteria. Finally, one other non-technical consideration that has a tremendous impact on operations is that the XT-R camera has an Export Control Classification Number (6A003.b.4.b., [46]) and is therefore, very difficult to travel across international borders.



While it is also important to note that the XT-R and XT2 are no longer manufactured, they, continue to be very much in use [9,11,13,17,18,21,22,23,24,26,27,28,68,69] and are sure to be primary instruments in new works to come. The M2EA is relatively new and highly capable, being able to compete (results-wise) with the XT2 system.



Finally, although this work has been applied to TIRI in the LWIR region, it has been derived in accordance with basic properties and principles of the TIR region of the electromagnetic spectrum. As a result, we suggest that it is also applicable to the Mid-Wave InfraRed (3–7.5 μm) region and, therefore, it can be used with all TIRI data from within the TIR.




5. Conclusions


In this work, we have developed a new TIRI validation methodology that has been applied to LWIR imagery (7.5 μm to 14 μm) taken of a blackbody source (indoors) and to real-world field conditions (outdoor) using instrumented concrete and vegetation sites as validation targets. We have tested our method on three popular LWIR TIRI cameras (the Zenmuse XT-R, Zenmuse XT2 and the M2EA) that are operated by three different popular DJI RPAS platforms—the Matrice 600 Pro, the M300 RTK and the Mavic 2 Enterprise Advanced. Results of the blackbody work over the temperatures expected in the field site show a highly linearized response for each sensor as well as a small temperature bias. All TIRI camera measurements were validated (by surface thermal sensors) to be within the stated tolerances of uncertainty for the cameras. Environmental parameters (air temperature, humidity, pressure and wind) were measured for several hours before TIRI data was collected. Wind cooling was not a factor up to 2 h prior to data collection. In-field TIRI results from 10 m to 50 m heights, images show absolute temperature retrievals of the target materials (concrete and two vegetation sites) that were within the specifications of the cameras. The methodology has been developed under the condition that it should be applicable to RPAS operators who need to verify their equipment either pre or post operations.
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Table A1. Summary data from the blackbody measurements.






Table A1. Summary data from the blackbody measurements.





	Camera
	Distance (m)
	Mean Blackbody Temp. (+/−0.4 °C)
	Mean Measured Temp. (°C)
	Stdev. (°C)





	M2EA
	2
	5
	1.87
	0.13



	M2EA
	2
	10
	7.77
	0.12



	M2EA
	2
	15
	13.57
	0.11



	M2EA
	2
	20
	19.10
	0.10



	M2EA
	2
	25
	24.37
	0.11



	M2EA
	2
	30
	30.03
	0.10



	M2EA
	2
	35
	35.63
	0.11



	M2EA
	2
	40
	41.20
	0.10



	M2EA
	4
	5
	3.70
	0.16



	M2EA
	4
	10
	8.90
	0.15



	M2EA
	4
	15
	13.77
	0.10



	M2EA
	4
	20
	18.35
	0.10



	M2EA
	4
	25
	24.40
	0.11



	M2EA
	4
	30
	29.80
	0.12



	M2EA
	4
	35
	34.77
	0.13



	M2EA
	4
	40
	39.97
	0.13



	XT-R
	2
	5
	3.23
	0.11



	XT-R
	2
	10
	9.83
	0.09



	XT-R
	2
	15
	13.27
	0.09



	XT-R
	2
	20
	18.93
	0.07



	XT-R
	2
	25
	23.33
	0.08



	XT-R
	2
	30
	30.53
	0.07



	XT-R
	2
	35
	33.20
	0.09



	XT-R
	2
	40
	39.60
	0.08



	XT-R
	4
	5
	3.13
	0.10



	XT-R
	4
	10
	8.97
	0.10



	XT-R
	4
	15
	15.43
	0.07



	XT-R
	4
	20
	18.17
	0.08



	XT-R
	4
	25
	23.80
	0.06



	XT-R
	4
	30
	30.00
	0.06



	XT-R
	4
	35
	34.13
	0.07



	XT-R
	4
	40
	37.13
	0.08



	XT2
	2
	5
	4.23
	0.11



	XT2
	2
	10
	8.87
	0.10



	XT2
	2
	15
	14.80
	0.09



	XT2
	2
	20
	20.57
	0.10



	XT2
	2
	25
	25.43
	0.08



	XT2
	2
	30
	29.17
	0.08



	XT2
	2
	35
	35.43
	0.08



	XT2
	2
	40
	39.80
	0.08



	XT2
	4
	5
	4.23
	0.12



	XT2
	4
	10
	9.03
	0.10



	XT2
	4
	15
	14.90
	0.10



	XT2
	4
	20
	19.90
	0.08



	XT2
	4
	25
	25.07
	0.09



	XT2
	4
	30
	30.43
	0.09



	XT2
	4
	35
	34.57
	0.08



	XT2
	4
	40
	40.07
	0.10
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Figure 1. RPAS systems and cameras in this study. (A) The M600P (left), M2EA (center) and M300 (right). (B) the Zenmuse XT-R with gimbal, (C) the M2EA form-integrated thermal (upper) and visible (lower) cameras and, (D) the Zenmuse XT2 thermal (right) and visible (left) cameras. The cameras are shown in the same order from L-R as the airframes with which they are compatible. 
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Figure 2. Illustration of the various sources of thermal infrared radiation to be considered with RPAS estimations of surface temperature in absence of nearby objects which would radiate energy into the scene. The arrows are representative of the relative contribution of each source. Three materials (grass, concrete, InfraGold) with a range of emissivity values considered in this study are shown. Atmospheric transmission decreases with increased distance between the TIRI sensor and the target. Atmospheric constituents such as water, smoke, dust, etc. all influence thermal transmission, with increasing significance at greater distances and/or as the concentration of the constituents increases. 
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Figure 3. Validation set-up that would be typical of a workspace pre/post RPAS operations. The tripod (A) that carries the environmental sensors for air temperature, RH, pressure and air movement, the FLUKE 4180 blackbody (B) and the M600P airframe with the XT-R camera (C). 
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Figure 4. Field site near Vaudreuil-Dorion, QC (top panel) with the light blue/green box representing the area of the investigation and the instrumented ground site location. Ground site set-up (lower panels) including: differentialRTK base station for the M300 (A), and for the M600P (B), environmental monitoring station and vegetation validation site (C), the InfraGold dark sky diffuse reflectance panel (D) with foil protection covering that was removed before data collection, and the concrete slab target (E) with three thermal flux sensors (used for deriving temperature) indicated by the red arrow in the lower left panel. Photographs were taken during the day for clarity. The orange circular feature in the lower left panel (with an “H”) shows the launch area for the RPAS vehicles. 
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Figure 5. Environmental monitoring station and vegetation target from Figure 4. The photograph shows the emplacement of the anemometer (A) at 1.0 m height, the Tair and RH (one unit) under a solar radiative shield (B), air pressure (C) and, control electronics and data collection units (D). Also shown are the vegetation/soil target areas of T1/T2 (E) and T3/T4 (F) at 1.0 m distance from the center of the tripod location. Soil temperature probes (T2 and T4) were implanted at a depth of 5 cm directly below the in-canopy temperature sensors (T1 and T3). 
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Figure 6. Target materials used for comparison. (A) InfraGold panel atop a plastic storage box, used as a platform to keep the surface debris free. (B) Concrete patio stones with three heat flux sensors (black squares on the concrete slab—as also indicated in Figure 4 label E) from which temperature was derived. The left-most sensor did not stay adhered to the surface and therefore, the data were not used. (C) In-canopy temperature sensor T1 (located with the red arrow) within the living and detritus vegetation canopy. The in-canopy temperature sensors (T1 and T3) were positioned at a height of approximately 2–3 cm above the soil. 
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Figure 7. Example results at different distances and temperatures of imaging the variable temperature blackbody with the Zenmuse XT2. (A) 2 m distance and a blackbody temperature of 5 °C, and, (B) 4 m distance with 40 °C blackbody temperature. The lack of contrast in the objects outside of the circular blackbody radiator (in the center of the images) is due to the objects’ temperatures being nearly at the ambient room temperature of 20.6 °C. 
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Figure 8. Results of the indoor validation with error bars derived from blackbody errors. (A) M2EA at 2 m, (B) M2EA at 4 m, (C) XT-R at 2 m, (D) XT-R at 4 m (E) XT2 at 2 m, (F) XT2 at 4 m. Red line is the best fit line between the TIRI calculated temperature and the blackbody set temperature. The red error bars illustrate the uncertainty of the FLUKE 4180 (x-axis) and the minimum and maximum calculated TIRI temperature (y-axis). The black line is the 1:1 blackbody temperature line with the dashed lines on either side illustrating the 0.4 °C FLUKE 4180 temperature uncertainty. 
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Figure 9. Two hours (of the 12 days of continuous logging) of environmental parameter data from 5 July—21:00 to 23:00. (A) Temperature data, (B) Environmental data, Wind, RH, Barometric pressure. RPAS data collection started at minute 94 and ceased after minute 116. The blocky nature of the barometric signal is a result of resolution effects near the threshold levels (0.1 mbar) of the instrument. 
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Figure 10. Brightness temperature (BT) in kelvin for all TIRI RPAS systems in this study at 20 m (left column of images) and 50 m (right column of images) with the M2EA (top), XT-R (middle) and XT2 (lower) cameras. The red arrow in the 50 m column indicates the location of a buried drainage pipe. 
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Figure 11. Thermal imaging results at 10 m AGL with the M2EA camera of the InfraGold panel (dark square in the center of the image). Evaluation of the panel area with ε = 0.06, produces a sky reflected temperature <−25 °C, below the lower limit of the camera in high gain mode. 
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Figure 12. Subset of a TIRI from the XT-R camera over the concrete target from 20 m height. In this version of the image, only the concrete pixels provide valid temperature measurements due to the scene being processed with ε = 0.95. 
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Figure 13. Results of comparing the TIRI data from each camera at 10–30 m height to the temperature determined by the PHFS-01-e heat sensors. (A) Mean with error bars representing the min and max of the temperature of the concrete tile from the TIRI. The solid line represents the temperature of the in-situ measurement of surface temperature from the PHFS-01-e heat sensors, the dotted lines represent the uncertainty of the PHFS-01-e in situ calculated temperature. (B) Mean difference between the TIRI estimated surface temperature and the PHFS-01-e heat sensors. 
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Figure 14. TIRI from the XT2 camera at 40 m height over the areas of vegetation identified by the red rectangles adjacent to the black squares. Validation sites for Vegetation 1 (left red rectangle) and Vegetation 2 (right red rectangle) correspond to locations E and F, respectively, in Figure 4. The black squares are metal 10 cm × 10 cm markers that have been used in all the TIRI to locate the areas of the in-situ temperature sensors, due to their high thermal contrast to the rest of the material in the image. The geometrical relationship of the location of the red validation sites, w.r.t. the true ground coordinates relies on the visual identification of the corners of the black markers in the image. 
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Figure 15. Comparison of TIRI from the three cameras with the grass region of interest surrounding temperature probes T1 (canopy) and T2 (soil) for Vegetation site 1. (A) Mean with error bars representing the minimum and maximum TIRI estimated temperature value. Solid lines indicate the temperature recorded in situ by the HOBO sensors. The dotted lines represent the uncertainty of the HOBO in situ temperature measurement (B) Mean difference between the soil in situ temperature measurement (T2) and the TIRI estimated temperature. (C) Mean difference between the grass canopy in situ temperature measurement (T1) and the TIRI estimated temperature. 
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Figure 16. Comparison of TIRI from the three cameras with the grass region of interest surrounding temperature probes T3 (canopy) and T4 (soil) for Vegetation site 2. (A) Mean with error bars representing the minimum and maximum TIRI estimated temperature value. Solid lines indicate the temperature recorded in situ by the HOBO sensors. The dotted lines represent the uncertainty of the HOBO in situ temperature measurement. (B) Mean difference between the soil in situ temperature measurement (T4) and the TIRI estimated temperature. (C) Mean difference between the grass canopy in situ temperature measurement (T3) and the TIRI estimated temperature. 
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Table 1. Physical and costing information on the 3 DJI airframes (unfolded, base-level batteries, no payload configuration for the M600P and M300) used in this work. The costing was accurate as of the date of the data collection (5 July 2021).
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	RPAS
	Take-Off Weight

(kg)
	Max. Take-Off Weight (Kg)
	Max. Flight Time (min.)
	Dimensions L × W × H (mm)
	~Cost

(USD)
	Year of Launch





	M2EA
	0.909 *
	1.10
	31
	322 × 242 × 125
	7200
	2021



	M600P **
	9.5
	21.0
	38
	1668 × 1518 × 727
	9200
	2016



	M300
	6.3
	9.0
	55
	810 × 670 × 430
	12,000
	2020







* M2EA camera is form-integrated as part of the airframe. ** The M600P used here has the integrated D-RTK upgrade and Max. Take-off Weight updated from [41] by personal communication (K. Toderel, RMUS Canada).
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Table 2. Standard information on each of the TIRI camera systems.






Table 2. Standard information on each of the TIRI camera systems.





	Camera
	Weight (g)
	Range (μm)
	Resolution (pixels)
	FOV

(°)
	Pixel Pitch (µm)
	Visual Camera
	~Cost (USD)
	Year of Launch





	M2EA
	639
	8–14
	640 × 512
	46.2
	12
	Y
	Incl.
	2021



	XT-R
	270
	7.5–13.5
	640 × 512
	45° × 37°
	17
	N
	12,000
	2016



	XT2
	588
	7.5–13.5
	640 × 512
	45° × 37°
	17
	Y
	12,000
	2018







Both the XT-R and XT2 used here were equipped with non-interchangeable 13 mm lenses. The M2EA’s focal length is reported as ~9 mm. All three models have a frame rate of 30 Hz. The reported sensitivity (Noise Equivalent Differential Temperature (NEdT)) of the XT-R and XT2 is <50 mK @ f1.0 and <50 mK @f1.1 for the M2EA (personal communication from K. Toderel, RMUS Canada).
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Table 3. Results from the indoor validation exercise for the M2EA, XT-R and XT2 cameras at 2 m and 4 m distance from the blackbody radiator over the 5 °C to 40 °C range. The coefficient of determination (R2) is a measure of the variability explained by the linear regressions, the root mean square error (RMSE) is a measure of the difference between predicted and observed temperatures and the bias is a measure of the over or under prediction of temperature by the cameras. SD is the standard deviation of the temperature recorded by the cameras.
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	Camera
	Dist. (m)
	Best Fit Equation
	R2
	RMSE (°C)
	95% CI Slope
	Bias (°C)
	Mean Diff. (°C)
	SD (°C)





	M2EA
	2
	1.117X − 3.451
	0.9998
	0.18
	1.104X − 1.131
	−0.81
	0.29
	0.11



	M2EA
	4
	1.041X − 1.723
	0.9993
	0.36
	1.014X − 1.068
	−0.80
	0.18
	0.13



	XT-R
	2
	1.018X − 1.415
	0.9952
	0.94
	0.947X − 1.089
	−1.00
	0.26
	0.09



	XT-R
	4
	0.984X − 0.788
	0.9926
	1.12
	0.899X − 1.069
	−1.15
	0.29
	0.08



	XT2
	2
	1.023X − 0.736
	0.9978
	0.63
	0.975X − 1.071
	−0.21
	0.13
	0.09



	XT2
	4
	1.024X − 0.775
	0.9992
	0.39
	0.995X − 1.054
	−0.23
	0.08
	0.10
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