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Abstract 23	

Infrared thermal imaging is a passive imaging technique that captures the emitted 24	

radiation from an object to estimate surface temperature, often for inference of heat transfer. 25	

Infrared thermal imaging offers the potential to detect movement without the challenges of glare, 26	

shadows, or changes in lighting associated with visual digital imaging or active infrared imaging. 27	

In this paper, we employ a frame subtraction algorithm for extracting the pixel-by-pixel relative 28	

change in signal from a fixed focus video file, tailored for use with thermal imaging videos.   By 29	

summing the absolute differences across an entire video, we are able to assign quantitative 30	

activity assessments to thermal imaging data for comparison with simultaneous recordings of 31	

metabolic rates. We tested the accuracy and limits of this approach by analyzing movement of a 32	

metronome and provide an example application of the approach to a study of Darwin’s finches. 33	

In principle, this “Difference Imaging Thermography” (DIT) would allow for activity data to be 34	

standardized to energetic measurements and could be applied to any radiometric imaging system.  35	

  36	
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Introduction 37	

Infrared thermal imaging is generally used to capture surface temperature estimates of 38	

objects for inference of heat transfer (Tattersall 2016).  It has the practical advantage of being 39	

non-invasive and yet still provides quantitative thermal information, from which inferences of 40	

surface blood flow (Di Carlo 1995; Fromy et al. 2018), evaporative cooling (Cadena et al. 2013), 41	

and localized heat production (Robertson et al. 2019) have been recorded. Thermal imaging 42	

cameras are capable of both still image and video capture, although typically video capture 43	

requires computer-assisted image capture. Time-lapsed thermal images or thermal imaging 44	

videos offer the possibility of detecting movement without the challenges associated with glare, 45	

shadows, or changes in lighting associated with visual digital imaging. One potentially 46	

underutilized aspect of thermal imaging in animal biology is its potential to act as a non-invasive 47	

activity or motion detector. 48	

Traditional, gold-standard measures of animal motion and activity employ 49	

electromyography (Hohtola and Stevens 1986) where intramuscular or surface electrode voltages 50	

are full-wave rectified and time average smoothed. The resultant oscillating signals represent 51	

muscle activation and this electrical activity has been found to be proportional to energy 52	

expenditure in shivering birds (Hohtola and Stevens 1986) and fish (Cooke et al. 2000); burst 53	

shivering rates in humans have also been shown to correlate with carbohydrate oxidation 54	

(Haman et al 2004), linking the electrical activation of muscle contraction with the energetic 55	

processes fueling ATP requirements. 56	

More recently, portable and non-invasive 3D accelerometry has been employed to 57	

measure motion and activity; numerous studies have calibrated or assessed the ability of motion-58	

based sensors with resultant g forces to adequately assess metabolic expenditure (Gleiss et al. 59	
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2011; Wright et al. 2014; Hicks et al. 2017; Jeanniard‐du‐Dot et al. 2017). Floor-switch 60	

sensors have been used in laboratory situations to estimate movement (Spiteri 1982; Harva and 61	

Kaban 2007), in the same manner that beam crossing active infrared approaches have been 62	

employed in studies of sleep in animal activity (Parrish and Teske 2017). Numerous analytical 63	

approaches to electrical representations of electromyography exist, including root mean square 64	

analysis, zero crossing detection, linear envelope, time integration, and power spectrum analysis 65	

(Kwatny et al. 1970; Siegler et al. 1985; Nilsson et al. 1993; Winter and Patla 1997). Non-66	

implanted indicators of motion, (i.e., force-plates or light-based sensors) assess whole body 67	

movement and thus a precise quantitative approach is more complicated. The absolute difference 68	

sum (ADS) method, described initially by Lighton et al. (1993) and in more detail in Lighton and 69	

Turner (2004), was first used in displacement meters to assess distance travelled and 70	

subsequently modified for use with infrared diodes to sample the reflected IR light from a 71	

moving object. The ADS approach is an analytical approach employed in digital data acquisition 72	

that takes the cumulative sum of the absolute difference in signal between adjacent data points; 73	

the slope of this summation over time provides a moment to moment assessment of movement in 74	

arbitrary units (usually volts/second). As such, this method acts to measure longer term 75	

variability, while capturing dynamic variability in a measurement; in short, the ADS method can 76	

assess both steady-state and non-steady changes in movement, although it is not likely to detect 77	

changes in state based on internally driven metabolic processes. 78	

With the prevalent use of video imaging technology in animal behaviour studies (Hughey 79	

et al. 2018) it is prudent to consider whether simple, quantifiable indicators of motion and 80	

activity can be developed from video capture and tested for their relevance to energetics. We 81	

have developed and tested a frame subtraction algorithm (Difference Imaging Thermography) 82	
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for extracting the relative pixel signal change from a fixed focus video, tailored for use with 83	

thermal imaging data (i.e., emitted rather than reflected radiation).  In combination with the 84	

cumulative, absolute difference sum of the entire subtractive video file, we are able to assign 85	

quantitative activity values to thermal imaging data for comparison to simultaneous recordings of 86	

metabolic rates.  In principle, this could allow for activity data to be standardised to energetic 87	

measurements. This study emerged from an expedition into the thermal biology of Darwin’s 88	

finches (Tattersall et al. 2018), where we obtained metabolic rates and infrared thermographic 89	

videos from 4 species of Darwin’s finches during a two-year research expedition to Galápagos.  90	

The primary objective of this study was to examine whether Difference Imaging 91	

Thermography and activity analysis could serve as a proxy for energy expenditure. We 92	

hypothesized that frame by frame pixel differences would represent activity and predicted that 93	

these image activity metrics would correlate with measurements of metabolic rate.  We validated 94	

this approach by applying Difference Imaging Thermography to a metronome that moved at 95	

controlled rates and distances from the camera.  Similarly, we predicted that these activity 96	

metrics will be lower during sleep compared to wake in measurements obtained from 97	

respirometry trials in Darwin’s finches. Because energy expenditure is not entirely related to 98	

muscular activity, especially in endotherms, it was not our purpose to suggest that Difference 99	

Imaging Thermography could replace metabolic rate measurements, but rather that imaging 100	

approaches could work to enhance metabolic measurements by accounting for the effects of 101	

movement. 102	

Material and Methods 103	

Study Animals 104	
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The methodology presented here emerged from a research expedition to Galápagos in 105	

2014 as part of a larger study into the thermal biology of Darwin’s finches. Four species of 106	

Darwin’s finches (Geospiza fuliginosa, G. fortis, G. magnirostris, and G. scandens), wild-107	

caught, were studied in the laboratory (N=~10 per species; N=41 in total) and were studied at the 108	

Charles Darwin Research Station (CDRS) reserve area (Lat: 0° 44’ 27”S, Long: 90° 18’ 10”W) 109	

on Santa Cruz Island, Galápagos. Birds were studied over a period of 5 weeks in June-July of 110	

2014. To minimize impact on potential chick rearing, we only sought permission to study male 111	

birds in captivity.  Permits to capture and short-term husbandry of finches was provided by the 112	

Galápagos National Park Service (Authorization No. PC-72-14).  Ethical oversight and approval 113	

for the experiments was provided by the National Zoological Park IACUC (Permit No. 13-04).  114	

Birds were mist-netted according to standard protocols already in place at the CDRS 115	

(Hendry et al., 2006).  Mist-nets were set up in the early morning until the targeted species or 116	

numbers was achieved for that particular day.  Our protocol involved first, a 24-hour period in 117	

captivity where birds were monitored for signs of health and suitability for continued captivity.  118	

Birds were only kept in the lab for up to 48 hours and released at their capture site.  In total, 54 119	

individuals were caught and maintained at various times in the lab (no more than 8 at a time), 120	

although only data from 43 are included in this study, since some individuals were released due 121	

to time constraints (only 4 could be studied per day).  Birds were transported in paper lunch 122	

sacks from the field site to the holding facility within 10-15 minutes of capture.  Birds were 123	

housed individually in cages (50.8cm x 31.75cm x 39.4cm) in a temperature-controlled room 124	

(27±1°C) with natural lighting.  Each cage included a clean paper floor, two perches at different 125	

heights, and two ceramic dishes for food and water.  Birds were provisioned ad libitum with a 126	

mixture of bird seed, boiled eggs, and ground dog food and water.  Cages were covered with 127	
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translucent cloth to allow sufficient light to allow activity, but to minimize visual stimulation.  128	

Body mass was determined at the time of capture, during daily cage checks and feeding, prior to, 129	

and following respirometry experiments. 130	

 The complete dataset from these experiments involved a comprehensive examination 131	

potential species differences in metabolic rate, water and heat loss across a range of ambient 132	

temperatures and is presented elsewhere (Levesque et al, in prep). As a methodological paper, 133	

herein we focus exclusively on energy expenditure and estimates of activity across a narrow 134	

range of temperatures while birds were either awake or asleep. We account for the effects of 135	

body size pooled across species because metabolic rates, and therefore activity, typically scale 136	

with body size in birds (Gillooly et al. 2001). 137	

Inanimate Object Motion Capture 138	

 Independent of the respirometry experiments with birds, we also captured thermal image 139	

video of an inanimate object, a mechanical metronome, capable of repetitive movement at 140	

controllable speeds. The purpose of these experiments was to test if object movement rate and 141	

distance to camera would influence our proposed measures of movement (i.e., produce results 142	

that were proportional to rate or distance; see section on Image Analysis Process).  To achieve 143	

this, we manipulated the rate of motion of the metronome (held at a fixed distance of 35 cm) 144	

from 0 to 3.25 Hz and the distance of the metronome (held at a fixed rate of 0.710 Hz) from 35 145	

to 85 cm. We predicted that our measurement of activity would correlate positively with the rate 146	

of motion.  Further, we predicted that object distance from the camera would influence the 147	

number of pixels subject to change with movement as well as the resolvable differences in 148	

radiance, both of which would influence estimates of activity. Therefore, these trials were 149	

conducted to inform about the reliability and limits of the difference image approach to quantify 150	
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movement. Image capture rate for the inanimate object was set to 30 frames/second because a 151	

slower capture rate would lead to aliasing of the fast-moving object. Nevertheless, due to built-in 152	

noise reduction algorithms in place with ThermaCAM Researcher Pro software, fast moving 153	

objects still generate motion blur, and thus the effective frame rate for these trials was closer to 154	

10 fps due to frame averaging. 155	

Experimental Protocol – Respirometry and Thermography 156	

 Simultaneous measurements of oxygen consumption and infrared radiation were 157	

conducted during the daytime hours and in a subset of birds during the night while they were 158	

asleep. Birds were measured over a number of hours at different ambient temperatures 159	

(incrementally from 30 to 37°C) although only data from thermoneutral temperatures (~32 to 160	

37°C based on estimates of 5 species of Estreldid finches; Marschall and Prinzinger 1991) were 161	

included in this study to minimize thermogenic contributions to energy use. Birds were fasted for 162	

4-8 hours before being transferred to a custom-made respirometer chamber and monitored 163	

continuously via thermal cameras. The respirometer chamber (dimensions: 10cm × 21cm × 164	

14cm, Total volume 2.9L) was vertically oriented to provide adequate space for birds to stand 165	

and move around on top of a perch located at 10 cm height.  To the front side of the respirometer 166	

was attached germanium glass (10 cm diameter; WTS Photonics Ltd) which formed a sealed 167	

window (IR transmission = 0.95-0.96) onto the respirometer for capturing infrared radiation from 168	

the birds via thermal imaging (Figure 1). The respirometer chamber was placed inside a 169	

temperature controlled environmental chamber (PELT Cabinet, Sable Systems, Las Vegas, NV, 170	

USA), with an external hole for positioning the thermal camera at a fixed distance (40 cm) for all 171	

trials.  The ambient temperature was changed every 45 minutes, and chambers took 10-15 172	

minutes to equilibrate to the new temperature.   173	
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Metabolic Rate & Thermal Imaging 174	

Metabolic rate was assessed as the rate of oxygen consumption determined using flow-175	

through respirometry, following the same methods and calculations outlined in Scarpellini et al. 176	

(2015).  Briefly, incurrent chamber flow rate was set to 400 mL/min (MFC-2 Mass Flow 177	

Controller, Sable Systems), and every 30 minutes a baseline measurement was obtained to allow 178	

for analyser drift correction (Lighton 2008). Incurrent gas was scrubbed of CO2 using a column 179	

of Amsorb® prior to being dried to a constant dewpoint of 1.5°C (using a Sable Systems DG-4 180	

Dewpoint Generator) to facilitate constant incurrent gas concentrations. Chamber leak was 181	

verified to be negligible by monitoring excurrent gas flow with a rotameter flowmeter. Oxygen, 182	

carbon dioxide, and water vapour were all subsampled at 150 mL/min (using a Foxbox and RH-183	

300, Sable Systems) and time lag corrected to ensure values aligned before the final Vo2 184	

calculations were performed. Excurrent and incurrent gas concentrations were converted to 185	

fractional content for determination of Vo2 (equation 9.7 in Lighton 2008), expressed in mL 186	

O2/hr. Gases were recorded to a data acquisition system (BIOPAC AcqKnowledge) at 1 sample/s 187	

and Vo2 was calculated using equations from Lighton (2008). Time-lapsed thermal image videos 188	

were collected simultaneously using a FLIR SC660 at 1 frame/second connected to FLIR 189	

ThermaCAM Researcher Pro software and saved as SEQ files for offline analysis. 190	

Synchronisation of thermal videos with metabolic rate data was verified by confirming that 191	

frame number matched with the elapsed time from the start to end of experiments. Prior to image 192	

capture (at 1 Hz) to file, ThermaCAM Researcher Pro’s applies a video noise reduction 193	

algorithms to the 30 frame/second video stream. 194	

Video Conversion and Imports 195	
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To allow for the use of open source software, Bash scripts (GNU Bash shell software) 196	

were employed to digitally handle the thermal image videos (FLIR SEQ files). Our objective was 197	

to use lossless data handling procedures so as not to introduce compression algorithm-driven 198	

variation in the data. The raw thermal image data were extracted from the SEQ video files by 199	

using by using Exiftool’s ‘raw thermal image’ option (version 11.62; Harvey 2019) or the TIFF 200	

export option in ResearchIR Max (FLIR) if errors in conversion arose. Each frame from the 201	

video was split into TIFF files with custom written Perl scripts and converted into a lossless PNG 202	

greyscale AVI video file using FFmpeg (version 4.1.3; FFmpeg Developers 2019). Since each 203	

frame within the video contained image data encoded as a 16-bit integer, we subsequently used 204	

the ‘tblend’ video filter in FFmpeg to calculate the consecutive frame differences (see below) in 205	

absolute values (i.e., negative differences converted to positive values; Figure 1b&c). The final 206	

generated video file was imported into ImageJ/FIJI (Schindelin et al. 2012) and processed as an 207	

image stack. The scripts and functions to generate the processes described here are currently 208	

available in a set of ImageJ from ThermimageJ (Tattersall 2019b) and found within the 209	

Thermimage package in R (Tattersall 2019a). Research grade thermal imaging software typically 210	

have export options for thermal imaging videos, and we note that any options that allow for 211	

robust, lossless image data would be equally appropriate.  For example, text files (CSV) or 212	

flexible image transport system (FITS) files are available export options in ResearchIR (FLIR).  213	

Image Analysis Process 214	

Since the fundamental data in a thermal image is radiometric (i.e., each raw pixel value is 215	

a linear, integer representation of radiance, in Watts) rather than a pseudocolour temperature 216	

value, differences between raw pixel values should be a better indicator of motion or movement 217	

than the estimated temperature value. Therefore, we converted the raw thermal image video data 218	
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into an absolute difference image video (Figure 1b & c, Figure 2a), where differential radiance 219	

values (d) are calculated for each frame as the absolute difference in value (p) at each respective 220	

pixel with given x and y coordinates (e.g., for a 640×480 resolution camera there will be 307,200 221	

pixel values):  222	

𝑑!" = |𝑝"#$ − 𝑝"| 223	

where i is the frame number; the resulting difference video is n-1 frames in length, where n is the 224	

original number of frames. Stationary objects should yield d values equal to zero plus the 225	

inherent noise of the image sensor (i.e., the difference video would appear as static, background 226	

noise). Since animal surface heat is not likely to change dramatically at typical image capture 227	

frame rates (1-30 fps), we rationalized that larger differences in radiance would be driven by 228	

changes in movement rather than changes in heat. Since converting the 16-bit raw sensor integer 229	

values to a 32-bit numeric temperature value requires extra computational steps and twice the 230	

memory, we focused on using the raw sensor data. The added advantage of this approach was 231	

that it also by-passed the requirement for proprietary thermal imaging software. 232	

Each array of d for a difference frame provides a short-term (i.e., frame to frame) 233	

measure of dispersion, therefore we elected to use the standard deviation of d (sd) for each 234	

difference frame (i.e., standard deviation of the 307,200 data points per difference frame). This 235	

choice was based on the fact that rectifying a gaussian distribution more strongly affects the 236	

mean (µ) than the variance (s2), and thus selecting the standard deviation (s) of the difference 237	

image data would not magnify gaussian noise as much, and thereby enhance the signal-to-noise 238	

ratio (Harva and Kaban 2007). A plot of the standard deviation of di vs. time (Figure 2a) provides 239	

a signal that relates to short-term variation. These deviations (sdi) are then cumulatively summed 240	

across all frames (f=n-1) in the video, and defined as a Cumulative Frame Difference: 241	
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The CFDi monotonically increases with time (Figure 2a), however the instantaneous slope of 243	

CFDi (i.e., SlopeCFDi = derivative dCFDi/dt, center calculated using a 3 data point window) rises 244	

and falls as a function of the degree of movement across the image space (Figure 2b). An 245	

alternative metric, the root mean square of di (RMSdi) was calculated for the metronome 246	

experiments, although this measure does not accumulate variation like the absolute difference 247	

sum approach described above (Lighton et al. 1993; Lighton and Turner 2004; Lighton 2008), 248	

and thus mainly captures short term variation. For stable, repetitive motion, we expect the RMSdi 249	

and the SlopeCFDi method to yield qualitatively similar results and, thus only performed the RMS 250	

calculations on the metronome experiments. Since ImageJ lacks built-in functions for 251	

computationally efficient RMS calculations, our analysis on animal video files was based on the 252	

CFD approach (video files over 2000 frames in length can be extremely demanding on CPU). 253	

Furthermore, by accumulating differences across frames, we incorporate both long- and short-254	

term variation, whereas a frame-by-frame RMS approach would still require time-based 255	

smoothing to deal with transient noise. However, to verify this assumption, we compared both 256	

RMS vs. CFD metrics obtained from the metronome experiments using a linear regression. 257	

Statistical Analysis 258	

We performed linear mixed model analysis using lme4 (Bates et al. 2015) in R (R Core 259	

Team 2016) to assess the utility of the frame difference measure (SlopeCFDsd) as an activity based 260	

predictor of Vo2, incorporating body mass and phase of experiment (day vs. night) as co-variates, 261	

following best practices (Lighton 2008; Tschöp et al. 2012).  Since body mass was significantly 262	

correlated with species, this would have violated multi-collinearity assumptions, and therefore 263	
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we focused on size as the primary predictor, based on our experience with the inanimate object 264	

motion. As random effects, we included intercepts for animal ID and slopes for animal ID with 265	

respect to activity, to account for the non-specificity of the activity measurement, and the fact 266	

that we expected within individual and between individual variation (see Supplementary Figure 1 267	

for sample individual traces). Although both Vo2 and activity are measured variables, we chose 268	

to model Vo2 as the dependent variable and activity as the independent variable since this 269	

emulates similar approaches in the literature, resembles how future studies might employ the 270	

approach, and fits with the hypothesized direction of effect (i.e., movement predicts energy 271	

expenditure). To deal with residual autocorrelation, the data were averaged over 5-minute 272	

intervals (compared to the 1 second capture intervals is equivalent to 300-fold data reduction). 273	

Visual inspection of residuals and quantile-quantile plots revealed deviations from normality, so 274	

both Vo2 and the activity measures were log-transformed for analysis (as recommended by 275	

Lighton 2008), which also corrected heteroskedasticity of errors. P-values were obtained from 276	

Type III ANOVA tables using Satterthwaite’s method for determining denominator degrees of 277	

freedom estimation from the lmerTest package in R (Kuznetsova et al. 2017). 278	

Results 279	

Metronome Trials: Distance Effects 280	

Object distance to the camera would influence the number of pixels in the image subject 281	

to change with movement as well as the resolvable differences in radiance. Therefore, we 282	

examined the influence of camera distance to a constant object size and calculated the entire 283	

image difference (Figure 2c).  The activity metric assessed either as the SlopeCFDsd (F1,5=173; p < 284	

0.001; r2=0.966) or as RMSdi (F1,5=21.6; p=0.0056; r2=0.775) was positively dependent on 285	
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distance. The different metrics of activity (SlopeCFDsd and RMSdi) were highly correlated (r2 > 286	

0.929, n=7; Figure 2c). 287	

Metronome Trials: Object Movement Rate 288	

The effect of movement rate was assessed by setting a metronome to different rates and 289	

recording thermal image videos (Figure 2d).  Rate was strongly correlated with metronome 290	

motion (up to 1.8 Hz), whether assessed as the SlopeCFDsd (F1,9=122; p<0.001; r2=0.924) or by 291	

RMSdi (F1,9=52; p<0.001; r2=0.836).  The different metrics of activity were strongly correlated 292	

(r2 > 0.98; n=11; Figure 2d). Above 1.8 Hz (not included in the regression above), obvious 293	

information loss occurred due to the noise reduction algorithms in place with the computer 294	

acquisition software.  295	

Animal Activity and Metabolic Rates 296	

Body mass, phase of day (day or night), and activity measures were strongly predictive of 297	

Vo2 (Figure 3), although a sizeable portion of the effects were due to the individual intercept and 298	

slopes (Likelihood ratio test for random effects: c2(df=3) =1040; p<0.001). Higher Vo2 was 299	

associated with body mass (Bmass=0.0335 ± 0.0031; F1,25.6=164.7; P<0.001), measurements made 300	

in the daytime (Bday=0.149 ± 0.0383; F1,39.4. =84.8; P<0.001), and higher activity (Blog(slopeCFDsd) 301	

= 0.153 ± 0.016; F1,25.4=15.2; P<0.001). The marginal r2 for the full model was 0.72 (variance 302	

explaining the fixed effects) and the conditional r2 was 0.93 (variance explaining the 303	

combination of fixed and random effects). The effects of activity on Vo2 also extended between 304	

individuals (i.e., simply taking the mean values within individual). Fitting a linear model of 305	

log(VO2) ~ Mass + log(slopeCFDsd) yielded a significant positive relationship with respect to 306	

activity and mass (Blog(slopeCFDsd) = 0.226 ± 0.031; F1,38=140.4; P<0.001; Bmass=0.0327 ± 0.0037; 307	

F1,38=79.5; P<0.001); r2=0.853; Figure 4). 308	
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Discussion 309	

We hypothesized that Difference Image Thermography (DIT) would positively correlate 310	

with energy expenditure, and the results support this contention, although with certain caveats. 311	

As expected, body size was a significant predictor of metabolic rate, and thus the relationship 312	

between metabolic rate and DIT activity is contingent on size. Day vs. night, independent of 313	

movement, also predicts metabolic rate; with sleep and circadian changes in thermoregulation 314	

driving these differences. Thus, although clearly indicative of motion, and proportional to energy 315	

expenditure, some caution is advised in using activity measures alone to predict energetic needs, 316	

since our approach is specific to the individuals studied. However, if mixed effects modelling is 317	

used with these approaches, activity-based influences on energy requirements can be accounted 318	

for statistically, and any remaining differences may then be related to the parameter of interest. 319	

Two primary sources of uncertainty or variation with respect to DIT are video sampling 320	

rate and object distance. Although we did not strictly examine sampling rate, we did examine 321	

movement speed at fixed sampling rates. In any digital acquisition process information loss 322	

through aliasing is expected according to the Nyquist theorem (Lighton 2008). For example, 323	

although very low sampling rates or time lapsed video would augment the difference image, this 324	

effect would simply raise the baseline level across all images, but not be useful at distinguishing 325	

relatively small motion vs. relatively large motion (i.e., the disco strobe light effect). We tested 326	

this effect by changing object movement rate (Figure 2d) and observed that our metrics for 327	

activity increased linearly with movement rate up to a point (~2 Hz), above which the activity 328	

measure rapidly declined back down to the background levels. This decline must be related to the 329	

acquisition program’s noise reduction algorithm that produces “ghosts” of rapidly moving 330	

objects. We were unable to assess the precise nature of the algorithm’s smoothing parameters, 331	
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but if a running average of 3 frames was incorporated to reduce background noise, then the 332	

effective sample rate would be ~10 frames/second, which would explain why the movement 333	

signal declined at ~2 Hz and above, due to the limited signal being captured. Ideally, any 334	

periodic digital acquisition approach should sample ~10 data points per cycle to adequately 335	

record a continuous analog signal without significant information loss or aliasing. Thus, rapidly 336	

moving objects or slowly sampled videos will not be appropriately sampled, and caution is 337	

warranted in testing the relative response rate of this approach if slow sample rates are used with 338	

fast moving objects. 339	

We also considered the effect of object distance and found that the metrics for motion 340	

were positively related to distance. Initially, this seemed counterintuitive, assuming that a larger 341	

object size at closer distances would lead to more pixels realizing non-zero values in the 342	

difference image. However, with thermal imaging, at larger distances the variation in radiation 343	

captured by a given sensor pixel would be higher due to the lower spatial resolution.  For 344	

example, between 35 cm to 85 cm distance, the spot size (i.e., the object size that a given pixel 345	

corresponds to) for the FLIR SC640 changes from 0.233 mm to 0.565, which is a 2.4 times 346	

difference. The SlopeCFDsd score differs by a similar magnitude across this distance (see Figure 347	

2d), corroborating that when further away, the sensor captures radiation from a wider space, 348	

which would thereby increase the signal variation. Indeed, this is a well-known phenomenon in 349	

microbolometer based thermal imaging; increased spot size decreases the thermal resolution 350	

(Minkina, 2003) since the sensor is forced to integrate over a larger space during the image 351	

acquisition. Lower thermal resolution would also increase the noise captured with DIT.  352	

Therefore, when considering DIT, standardizing and maintaining a constant object distance is 353	
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crucial. Another limit to this approach is that a fixed frame view restricts its use to laboratory or 354	

stationary camera traps, and clearly cannot be readily employed with moving cameras. 355	

Despite the technical constraints mentioned above, we found a high degree of correlation 356	

between activity and Vo2 (r2 = 0.93), suggesting that the DIT approach quite clearly provides an 357	

energetic equivalence. The fact that within and between individual comparisons strongly 358	

predicted Vo2 suggests that as an overall predictor of metabolic rate, this approach can 359	

distinguish different individuals with different metabolic rates, provided that the reason for 360	

metabolic differences is due to activity. The effects of sleep exemplify this concern. Sleeping 361	

birds are generally less active but also show lower metabolic rates than awake birds that could 362	

not be explained by activity (Figure 3b). If thermoregulatory changes occur between day and 363	

night (Tattersall 2012), or animals are post-absorptive during sleep but not during wake, and 364	

show lower metabolic rates from visceral metabolism, activity-based approaches would not 365	

detect these differences. Finally, because Vo2 is also influenced by mass, this method cannot 366	

detect metabolic effects due to movement without also incorporating body size. 367	

Conclusions and Recommendations 368	

In this paper, we demonstrate a simple approach to extracting quantitative information 369	

from infrared thermal video data for the purposes of estimating energetics of movement in fixed-370	

frame laboratory studies. This subtractive image analysis (or difference image thermography) is 371	

readily achievable with computerized image capture. In combination with absolute difference 372	

summation, this variance accumulator approach can provide an objective measure of activity and 373	

might serve as a first approximation to energetic comparisons between or among individuals, or 374	

as an independent means to remove or account for confounding activity effects in studies 375	

interested in basal metabolic rate measurements. Laboratory measurements of metabolism are 376	
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often influenced by an animal’s activity, and thus, basal metabolic rates are often obtained during 377	

sleep, which may problematic if sleep is associated with major changes (i.e., torpor, altered set-378	

points) in thermoregulation (Tattersall 2012). If video analysis could provide an independent 379	

record of activity, then metabolic rate data could be analysed by independently taking activity 380	

into account.  381	
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Figure Legends  494	

Figure 1.  Sample thermal image (a) of a large ground finch (Geospiza magnirostris) within a 495	

dual-purpose viewing chamber respirometer (calibration bar depicts temperature in °C).  Panels b 496	

and c depict plots (stationary vs. moving bird, respectively) derived from a difference imaging 497	

approach, using the same pseudocolour scale as in a, except that the pixel values correspond to 498	

raw radiance differences (calibration bar is in arbitrary units derived from the 16-bit integer data 499	

obtained from the raw video files).   500	

Figure 2.  Image differences obtained from an inanimate object (mechanical metronome) placed 501	

in motion at 1 Hz.  In a, the cumulative difference of the average and standard deviation of the 502	

image difference (absolute values) is depicted (top inset depicts a thermal image of the 503	

metronome, bottom inset depicts an image difference of the metronome in motion; units are °C 504	

and raw units, respectively).  In b, the instantaneous slope of the cumulative frame difference 505	

(CFD) is depicted, exhibiting a clear, periodic signal at ~1 Hz (solid horizontal lines depict the 506	

average signal).  In c and d, the instantaneous slope of the CFD with respect to the standard 507	

deviation of the difference image is depicted as a function of object distance (slope = 0.159 ± 508	

0.012; P<0.001, r2=0.966) and rate (slope = 7.57±0.69; P<0.001; r2=0.924).  Insets in c and d 509	

demonstrate that the slope measurement correlates with root mean square (a more standard 510	

measure of variance or power) measurements of the difference image. Above 2 Hz, the effective 511	

activity score diminishes, due to aliasing effects. 512	

Figure 3.  Overall oxygen consumption vs. activity in Darwin’s ground finches (N=41) shows 513	

strong correlation. Fitted data (a) are derived from the linear mixed effects models incorporating 514	

random intercept and random slopes for each individual; data points represent the 5-minute 515	

average values (colour coded by individual to highlight interindividual variation).  Plot b depicts 516	
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the partial residuals of oxygen consumption vs. activity relationship, accounting for the fixed 517	

effect of mass and the random effects (slopes and intercepts from the mixed effects model). The 518	

marginal r2 (variance explained by the fixed effects) for the mixed effects model was 0.72, and 519	

the conditional r2 was 0.92 (variance explained by the combined fixed and random effects). 520	

Figure 4.  Individually summarized activity and oxygen consumption from Darwin’s finches 521	

(i.e., overall mean, N=41 Geospiza sp.) show strong between individual correlation.  Derived 522	

from a linear model of VO2 ~ Mass + Activity, the plots depict partial residuals (i.e., removing 523	

the influence of other parameters, while retaining the relationship to the predictor variable) of 524	

oxygen consumption as a function of activity (panel a) and mass (panel b). 525	

  526	
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Figure 1. 528	
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Figure 2.  531	
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Figure 3. 533	
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Figure 4. 536	
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