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Focal dynamic thermal imaging
for label-free high-resolution
characterization of materials
and tissue heterogeneity
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Evolution from static to dynamic label-free thermal imaging has improved bulk tissue
characterization, but fails to capture subtle thermal properties in heterogeneous systems. Here,
we report a label-free, high speed, and high-resolution platform technology, focal dynamic thermal
imaging (FDTI), for delineating material patterns and tissue heterogeneity. Stimulation of focal
regions of thermally responsive systems with a narrow beam, low power, and low cost 405 nm

laser perturbs the thermal equilibrium. Capturing the dynamic response of 3D printed phantoms,
ex vivo biological tissue, and in vivo mouse and rat models of cancer with a thermal camera reveals
material heterogeneity and delineates diseased from healthy tissue. The intuitive and non-contact
FDTI method allows for rapid interrogation of suspicious lesions and longitudinal changes in tissue
heterogeneity with high-resolution and large field of view. Portable FDTI holds promise as a clinical
tool for capturing subtle differences in heterogeneity between malignant, benign, and inflamed tissue.

Applications of thermal imaging in materials science, security, and medicine have surged in recent years, due in
part to advances in infrared sensor technology'—. Relying on the emissive properties of living systems, thermal
imaging has been used to generate heat maps of individuals and detect inflammation. Despite its advantages of
being a handheld, real-time, and non-contact measurement technique, the poor specificity of thermal imaging
has prevented widespread adoption in the clinic*. To overcome this limitation, techniques that probe thermal
tissue properties, rather than equilibrium temperature, have been developed. These dynamic thermal imaging
(DTI) techniques apply a hot or cold thermal stimulus to tissue and observe its rate of recovery. Leveraging
the different rates of thermal recovery in healthy versus diseased tissue following the application of thermal
stimulus®, DTT has demonstrated improved tumor detection accuracy®®. However, label-free DTI fails to fully
capture high-resolution thermal tissue heterogeneity, which can highlight subtle differences for distinguishing
malignant, benign, or inflamed tissue®'°. This resolution limit is due to how a thermal stimulus is applied. In
existing implementations of DTI, a thermal stimulus is applied over a large area of tissue, which blurs the detec-
tion of unique thermal properties of small areas within the thermally perturbed region. Super-resolution DTI
rasters focal excitation of visible light across the sample, followed by image reconstruction that determines the
centroid of absorptive agents well beyond the diffraction limit to improve spatial resolution'!. For biological
samples, exogenous contrast agents such as dyes or nanoparticles are used to generate sufficient contrast. While
this technique is an exciting advancement for microscopy applications, in vivo or point-of-care applications
would be complicated by long imaging time (minutes rather than seconds), complex system setup, and reliance
upon exogenous contrast agents. While exogenous agents are particularly useful in an ex-vivo setting, for in-vivo
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Figure 1. Focal dynamic thermal imaging phenomenon and features used for analysis. FDTI consists of a
sequence of light absorption, heat generation, thermal perturbation, and thermal recovery processes. FDTI uses
a small diameter laser beam to irradiate an area of interest (a) as well as an area serving as a healthy control site
(b). Optical tissue properties determine the degree and distribution of local heating due to laser irradiation.
Once the laser irradiation is complete, the thermal decay phase begins. The surface thermal profile, which is
measured through both thermal rise and decay phases with a thermal camera, can be visualized as a 3D plot
defined by multiple features including the maximum temperature (Tmax) and full width at half-maximum
(FWHM). These features can be analyzed over both thermal rise and thermal decay phases. Quantitative
analysis of thermal profile features in different tissue types reports underlying tissue heterogeneity.

applications, they add regulatory hurdles for product approval that may limit their clinical applicability. As such,
a gap exists between low-resolution but high field of view wide-field DTT that has seen multiple in vivo applica-
tions, and super-resolution DTI, which holds great promise ex vivo.

Here, we report the development of a new label-free dynamic photothermal imaging technique, focal dynamic
thermal imaging (FDTI), which overcomes the spatial limitations of current DTI strategies while using simple
hardware and analysis methods compared to super resolution DTI. Abundance of light-absorbing chromophores
creates heat upon exposure to radiation. Leveraging this phenomenon, we postulated that the skin would effi-
ciently absorb a narrow beam of 405 nm light to generate a focal thermal source that propagates radially from the
heat source through the tissue along a temperature gradient. The use of focused 405 nm light allows for thermal
contrast generation through endogenous chromophores rather than exogenous dyes. However, care must be taken
to ensure laser irradiation does exceed doses that may be associated with DNA damage'?. A thermal camera
detects the ensuing perturbation and recovery of the thermal equilibrium. While tissue-specific optical proper-
ties define the degree and distribution of light absorption and subsequent heat generation, tissue properties such
as thermal conductivity, specific heat, density, perfusion, metabolic rate, and the baseline temperature dictate
heat propagation (Fig. 1). Assessment of this new technique using custom 3D printed thermal resolution targets
showed higher spatial resolution and contrast than conventional DTT. In vivo, FDTI was able to distinguish
healthy and cancerous tissue in animal models of cancer with over 90% accuracy. The label-free, non-contact,
intuitive, and portable FDTI system provides high-resolution and high contrast images in real-time for use in
diverse applications, including materials characterization and disease diagnosis.

Results

Computational modeling. A 3D model of the FDTI phenomenon was developed in COMSOL to dem-
onstrate the feasibility of using this technique to measure unique signals from different materials and tissue
types. The impact of each variable specified in the Pennes’ bioheat equation' on heat generation and transfer
was evaluated using a parameter sweep across high and low biological values. The simulations were analyzed by
plotting cross-sections of the thermal peak along the diameter of the laser spot and extracting the amplitude and
full width at half maximum (FWHM). Simulations depicted in Fig. 2a illustrate the expected radial heat propa-
gation away from the initial thermal source initiated by light absorption. As expected, the parameter sweep of
thermal and optical properties show that thermal conductivity and optical absorption coeflicient greatly affect
the resulting FDTT signals (Fig. 2b, c).

The model was validated experimentally using porcine tissue with well-differentiated muscle and fat compart-
ments (Fig. 2d-f) using the same laser power and irradiation duration in the model. The FWHM and amplitude
of the thermal peak revealed similar trends in the experiment and COMSOL simulation results, verifying that
the trends observed in the parameter sweep reflect results from biological experiments. The COMSOL model
provides a numerical basis for using FDTT to detect distinct thermal characteristics in different tissue types.
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Figure 2. FDTI simulation and validation. (a) COMSOL simulation demonstrating radial heating from laser
stimulation during the heat rise phase of FDTIL; (b) amplitude and (c) FWHM results from simulated parameter
sweep; (d) porcine tissue measured for experimental validation of COMSOL model; (e) amplitude and (f)
FHWM comparison between simulated and experimentally measured values of porcine muscle and fat tissue.

Data acquisition and analysis. FDTI data were acquired with a thermal camera. The images can be visu-
alized as 3D plots with spatial location in x and y, and temperature in z at a fixed time t. Prior to laser stimula-
tion, the 3D plot is essentially flat and reflects steady state skin temperature. A thermal peak grows exponentially
with time in the area of laser stimulation. After turning off the laser, the heat decays exponentially as a function
of tissue thermal properties. Common features extracted from FDTI, either from single frames or throughout
heating, include thermal peak amplitude, width, FWHM, area, and volume. Furthermore, exponential growth
and exponential decay constants can be fit to the maximum temperature over time (Fig. 1). Additionally, in a
perfectly homogeneous sample, the thermal peak is smooth and radially symmetric. Small scale heterogeneity in
tissue thermal properties perturbs the expected smooth and radially symmetric image.

FDTI spatial resolution. The effective spatial resolution of FDTI depends on the spatial resolution of the
thermal camera used, the laser beam width, and the step size between imaging points. A narrower laser beam
generates heating over a smaller tissue volume than a wider laser beam, reducing thermal diffusivity-driven blur
and high spatial resolution. The spatial resolution of FDTI and a standard widefield DTTI using a 405 nm LED
was tested using a custom 3D printed phantom that had 1 mm thick pillars printed in rows and spaced 1 mm
apart (Fig. 3). The phantom was filled with India ink solution to obscure the pillars (Fig. 3a). FDTI measure-
ments were taken in 125 micron steps across the phantom and the FWHM for each measurement was extracted
and plotted for each step (Fig. 3b). The widefield LED illuminated thermal decay time constants were plotted
pixel by pixel against the phantom location (Fig. 3c). FDTI shows three distinct peaks corresponding to the three
pillars, whereas widefield DTT did not reveal structures consistent with phantom components.

FDTI detects changes in tissue heterogeneity in vivo. Proliferating cells such as tumors can create
a high level of disorganization and tissue heterogeneity by recruitment of blood vessels, de-differentiation of
cancer cells into different phenotypes, and induction of a robust immune infiltrate. To determine if FDTI can
measure malignancy-induced changes in tissue heterogeneity, subcutaneous mouse and rat models of breast
cancer were evaluated over the course of tumor development. Two experimental designs with different healthy
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Figure 3. Testing spatial resolution with 3D printed phantoms (a) demonstrates superior spatial resolution for
FDTI (b) relative to widefield dynamic thermal imaging (c).

tissue control sites were investigated: one consisting of the selection of a contralateral site, and another consist-
ing of a temperature-matched control site. FDTI images and videos were acquired in real-time with a thermal
camera and a low powered (5 mW) laser-induced heat source. The thermal data were processed and analyzed to
extract FDTI features based on tissue heat profile.

A simplified visualization of the FDTI data was obtained by plotting the tissue thermal profiles after 10 s of
continuous laser stimulation. This allows for a visual comparison of thermal profiles between tumor and healthy
tissue. In the early stages, both tumor and healthy tissue exhibited similar but distinguishable heat profiles, meas-
ured by FWHM, but this feature diverged as the tumor size increased and the tumor matured (Fig. 4). In general,
the healthy tissue exhibits a taller and narrower FDTTI profile than tumor tissue, which showed a shorter and
broader thermal response. As the tumor developed, the thermal response of healthy tissue became sharper and
taller. Although the height of the thermal response in the tumor region increased slightly with time, the profile
remained broad throughout tumor development. These results point to the potential use of high-resolution FDTI
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Figure 4. FDTTI of one rat throughout tumor progression. Thermal image (left) and corresponding FWHM
from FDTT analysis (left center) on tumor. Thermal image (right center) and corresponding FWHM from FDTI

analysis (right) from normal tissue over time.
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Figure 5. Demonstration of FDTI in the use of cancer detection in a mouse model of breast cancer. (a) FDTI
experimental setup showing contralateral control experimental design; (b) FDTI feature responses between
tumor and contralateral control healthy tissues in mice. (n=9, *indicates p value <0.05). (c) Receiver operator
characteristic curves from fivefold cross-validation quadratic discriminant analysis in mice.

to determine tissue proliferation and heterogeneity. Furthermore, the visual features correspond to consistent
findings observed across all of the mouse and rat measurements, which had significantly larger FWHM, standard
deviation at steady state, and error when fitting the thermal profiles to a Lorentzian surface plot (Figs. 5 and 6).

Multiparametric feature classifier enhances the accuracy of tumor detection in a mouse model
of cancer. In the mouse experiment, Balb/c mice with subcutaneous breast tumors on the right dorsal flank
(n=9) had FDTI measurements made on the tumor and the contralateral sides which served as healthy control
(Fig. 5a). Thermal images were collected 10 s after turning on the laser, features were extracted and compared
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Figure 6. Demonstration of FDTI in the use of cancer detection in a rat model of breast cancer. (a) FDTI
experimental setup showing and temperature-matched control experimental design; (b) FDTI feature responses
between tumor and temperature-matched healthy tissues in rats. (n =4, *indicates p value <0.05); (c) Receiver
operator characteristic curves from fivefold cross-validation quadratic discriminant analysis in rats.

with the contralateral-control group. Figure 5b displays results from three thermal profile features: FWHM, the
Lorentzian fitting sum of squared errors (SSE), and the temperature standard deviation at steady state. These
features are independent of each other and were tested as classification inputs.

Results from a fivefold cross-validation quadratic discriminant analysis are displayed in the form of receiver
operator characteristic curves from the three features (Fig. 5¢). The area under the curve (AUC) values of single
features range from 0.49 to 0.89. However, when combined in a multiple feature classifier, the AUC reached 0.95,
demonstrating higher accuracy than any individual feature.

FDTI distinguishes underlying tissue heterogeneity in a rat model of cancer. Thermal imaging is
widely used to map body temperature and identify suspicious areas, but the low specificity of the technique has
hampered adoption in the clinic*'*. Multiple hot spots may indicate inflammation, infection, or cancer. A unique
application of FDTT is the rapid assessment of suspicious lesions that are first flagged using the standard wide-
field thermal imaging systems. In such a case, it is more relevant to have temperature-matched comparison sites
to determine whether thermal stimulation of a suspicious area of tissue can distinguish between cancerous and
healthy tissue. In this study, Sprague Dawley rats with subcutaneous right flank breast tumors (n=4) had three
measurements acquired from the tumor, and three measurements acquired from temperature-matched sites
(Fig. 6a). One of the temperature matched measurements served as the control, and all the remaining measure-
ments were normalized to this control measurement. FDTI data were acquired in a video format, with recording
initiated just prior to a 10-s laser exposure, followed by a 10-s observation of thermal recovery. FDTI features
were extracted as described in the Methods section, and comparisons were made between features of the tumor
and healthy group. Plots between healthy and tumor tissue from the same three features utilized for classification
in the mouse study (FWHM, Lorentzian SSE, and steady state temperature standard deviation) were analyzed
(Fig. 6b). The trends observed are the same, with tumor tissue having statistically significant higher values than
the healthy tissue for all features.

Similar to the mouse study, these features were tested as classification inputs. A fivefold cross-validation
quadratic discriminant analysis was displayed in the form of receiver operator characteristic curves from the
three features above (Fig. 6¢). The area under the curve (AUC) values of single features ranged from 0.65 to 0.75,
but combining them into a multiple feature classifier improved the AUC to 0.91, demonstrating higher accuracy
than any individual feature. In addition, the consistency in the multiple feature classifier between mouse and rat
studies highlights the robustness of this technique and these features as predictive inputs.

Discussion

Photothermal techniques, which measure the thermal response of a system to photon absorption, can be used to
interrogate the thermal properties of materials. This includes measurement of multiple photothermal sequelae,
including change in index of refraction, heating, thermoelastic expansion, secondary infrared irradiation, and
photomechanical stresses'®. For applications at nanoscale, scanning thermal microscopy techniques use ther-
mal probes attached to cantilevers that directly contact the material to detect nanoscale changes in heat flow',
from which thermal properties can be extracted. At microscale, the 3w method has been used to measure the
thermal conductivity of materials and single cells'”'®. A number of microscopes have been developed that take
advantage of the local change in refractive index upon chromophore absorption, some of which use vibrational
spectroscopy to extract molecular content'>!*?’. Macroscopically, widefield thermal imaging is routinely used in
industrial applications such as assessment of electrical connections and bulk material characterization, while DTI
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Figure 7. Comparison of dynamic thermal imaging techniques’ resolution and complexity.

has been increasingly used in medical applications®*2. Few methods exist that can probe micro and mesoscopic-
resolution applications without the use of bulky, expensive hardware, that limit field applications. To meet this
need, we have developed FDTI (Fig. 7).

Existing photothermal methods have reported resolution at sub-micron levels!>2023 however, the cost and
complexity of these techniques have limited their use in the field. In medical applications, more translational,
but significantly lower resolution techniques such as widefield DTT and pulsed photothermal radiometry have
been studied. Pulsed photothermal radiometry (PPTR) is a non-contact optical method that applies a pulsed
laser to generate heat due to optical absorption and measures thermal diffusivity based on heat propagation
through the material?'. This method has been recently used for physiologic characterization of skin** and to
predict temperature rise in patients undergoing laser therapy®. Both of these techniques apply stimulus over
a large area and the subsequent thermal response becomes blurred due to thermal conductivity, significantly
reducing the spatial resolution. A recent article achieved sub-diffraction limited thermal imaging of tissue slides
stained with exogenous methylene blue nanoparticles for contrast enhancement by irradiating the sample using
a scanning focal light beam to prevent thermal blurring!'. This technique tracked optical absorption induced
heating, but did not track heat dissipation over time, confining its sensitivity to optical absorption and specific
heat capacity rather than thermal conductivity. Capitalizing upon the successes of these methods, FDTI irradi-
ates small regions of tissue to prevent thermal blur and tracks the response over time, providing sensitivity to
heterogeneity in optical and thermal properties. The sub-millimeter resolution demonstrated in our FDTT work
is not the absolute resolution limit, rather the resolution is fundamentally limited by spot size, step size, and the
thermal resolution of the camera used.

FDTTs instrumentation is exceptionally simple, requiring only a collimated laser and a thermal camera.
Furthermore, the extraction of FDTI features is straightforward and can be performed in real time. Indeed,
the specifications of FDTI equipment will affect the resolution and sensitivity of the system, but these simple
requirements are in stark contrast to high-resolution thermal techniques which utilize expensive laser systems?*,
lock-in detection schemes, fragile alignment systems'>!°-2133, or which rely on exogenous contrast'! which limits
in vivo application. In addition, some of the lasers used are medical grade therapeutic lasers that cause pain?,
which highly differ from the painless and low power irradiation used for FDTI.

FDTI was tested in an in vivo cancer detection application, a possible avenue to pursue in future human stud-
ies. A variety of widefield thermal imaging methods have been tested for cancer detection due to their favorable
translational characteristics. Some methods aim to improve the accuracy of equilibrium thermal measurements
using artificial neural networks and have reported accuracy of 80.95% in tumor detection®. DTI has been shown
to increase the accuracy significantly (from 54 to 82%) when compared with steady state thermal imaging?’.
Improved classification algorithms have heightened the sensitivity and specificity of this technique to 95-100%
and 83-99% respectively, for the diagnosis of skin cancer>* in a 140 patient trial. While these results are excit-
ing, the spatial resolution limitations of widefield DTI techniques may not allow robust estimation of tumor
heterogeneity and margin assessment, which would further expand the utility of dynamic thermal imaging.
Additional heat challenge techniques have applied visible light sources including green LEDs that created heat
due to absorption by hemoglobin to identify the vascular boundary of tumors®. Herein, FDTI had 95% and 91%
accuracy in small cohorts of breast cancer mouse and rat models, respectively, using classification based on single
point FDTI measurements of cold tumors. A number of quantitative image parameters indicative of cancer were
identified from FDTI data. FWHM was significantly higher in cancerous regions, which have higher thermal
conductivity than healthy tissues and can thus transfer heat away from the thermal source faster, preventing a
large heat buildup. The standard deviation was higher in cancerous tissues and may be due to more heterogene-
ous tissue that can be observed in tumors. Finally, the goodness of fit to a Lorentzian surface as measured by the
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sum of squared errors was significantly lower in cancerous tissue, further suggesting that spatial inhomogenei-
ties are more frequent in cancerous tissue and impact the likeness of the FDTT profile to a Lorentzian surface.
Importantly, the quantitative nature of the FDTI parameters makes it an objective technique that should not be
dependent upon the user or require interpretation, overcoming a large obstacle from standard thermography.

The simplicity of FDTI lends itself to being portable, fast, low cost, and lightweight, and is therefore prime
for clinical translation and field applications. This is an important advantage compared to non-widefield thermal
methods, which have thus far been performed on tissue sections or in vitro cell samples. Our successful range of
experiments spanning 3D printed structures, ex vivo biological tissue, and longitudinal in vivo mouse and rat
studies demonstrate the utility of this approach across many biomedical applications and size scales, and warrants
further exploration of this technique in human patients. Widefield approaches which have similarly simple and
portable instrumentation have shown great promise to positively impact patient care>**?**, and FDTI is poised
to fill the need for simple, inexpensive, and high resolution dynamic thermal imaging.

Development of real-time analysis software and further optimization of the laser irradiation and thermal
decay times for scanning and extension into rapid 2D FDTI mapping could further improve FDTI. Although
the classification accuracy of in vivo cancer detection was not perfect, the classification was made using single
point FDTT measurement that cannot capture the full extent of the tumor’s heterogeneous properties. Repeating
such experiments with 2D mapping capabilities in larger animal cohorts will be a fairer test of FDTTs diagnostic
abilities. Furthermore, depth penetration of the excitation light can be increased by using longer irradiation
wavelengths®, and through longer laser exposure times®, however, deeper imaging will result in a trade-off of
reduced spatial resolution®.

Interestingly, we observed that mouse and rat tumors progressively grew cold as they increased in size, which
is contradictory to human tumors which are known to be warmer than surrounding tissue****. However, our find-
ing of cold rodent tumors is supported in the literature®®?”. This implies that most rodent models do not represent
human disease with respect to an important thermal physiologic parameter. However, a strength of FDTI and
dynamic thermal imaging approaches is the sensitivity to thermal properties of the tissue, regardless of baseline
temperature. Temperature is known to affect immune response and enzyme activities®®, and these important
differences should be considered when conducting cancer research in animal models. Due to this difference in
the tumor microenvironment, FDTI trials in humans may yield different results compared to those observed in
cold mouse and rat tumors, and should be evaluated independently of the animal data presented herein.

In summary, we have developed FDTI, a platform technology that offers high-resolution and high contrast
thermal imaging to applications with sample heterogeneity such as biological tissue. It adds measures of thermal
properties to the sources of label-free optical contrast, with the potential to reveal new pathophysiology not yet
before seen with conventional optical methods. FDTI addresses an important gap in stimulated thermal imaging
with widefield DTI systems being inexpensive, simple, and clinic-ready but suffering from poor spatial resolu-
tion, and thermal microscopes offering high resolution but with costly, complex, non-portable, and ex vivo-only
applications (Fig. 7).

Materials and methods

Experimental FDTI system. The instrumentation used to perform FDTI experiments is shown in Figs. 5a
and 6a. The FDTI system consists of a collimated, low powered, continuous 405 nm laser diode (Laserland,
Wuhan, Hubei Province, China). The laser beam profile was characterized and found to be an elliptical Gauss-
ian with FWHM 0.69 mm x 1.35 mm. A polarizer is aligned with the laser beam to limit power output at 5 mW.
A FLIR (Wilsonville, OR, USA) T650SC 25° high-resolution focal plane array uncooled microbolometer with
640 x 480 pixels, 64 mm x 48 mm field of view, 100 um spatial resolution, <0.02 °C sensitivity, spectral range of
7.5-14 um, and 30 Hz frame rate is used with a 5.8 x Lens (FLIR #T198060) to collect thermal images and vid-
eos. The laser is powered using a custom electronic driver circuit controlled by a Teensy LC (Sherwood, Oregon,
USA) microcontroller. Both the Teensy and camera are connected to a PC running a custom MATLAB script
(MathWorks, Natick, MA) to allow for synchronized, automated control of each component. The script first trig-
gers the camera to record thermal video prior to laser stimulation, then triggers the laser on for a specified pulse
duration, and finally continues recording video after the laser is shut off for a sufficient time period to capture
return to equilibrium temperature. The laser exposure time for in vivo subcutaneous tumor measurements was
tested at 0.1, 1, 3, 5, 10, 20, 30, and 60 s to identify the shortest amount of time that reached a plateau in tempera-
ture rise, from which 10-s exposure was selected. Similarly, the time until thermal decay plateaued was observed
and found to consistently decay within 10 s after laser exposure completion.

Experimental image acquisition, processing, and feature extraction. Thermal images and videos
are processed and analyzed using our custom image processing pipeline. First, thermal radiometric image or
video data is imported into a custom MATLAB graphical user interface (GUI). The user is then prompted to
select the laser irradiation point from a thermal preview image. A region of interest (ROI) encompassing the
heated tissue is then programmatically generated. A battery of parameters, including peak temperature, thermal
peak area, thermal peak volume, 2D Gaussian fitting, 2D Lorentzian fitting, and FWHM are subsequently meas-
ured from this ROL In addition, measures of goodness of fit for temperature rise can be utilized in real-time to
ensure appropriate experimental conditions.

FDTI resolution testing. FDTTs ability to resolve small spatial differences in material properties was tested
using a 3D printed phantom composed of black polylactic acid (PLA) filament (Hatchbox 3D, Pomona, CA,
USA) in which rows of 1 mm thick pillars were spaced 1 mm apart and filled with a 1000x dilution India ink
solution (Higgins, Leeds, MA, USA). The India ink solution provides an optical absorber, and the water and
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Parameter Value(s) used | Sources
900 (baseline)
Absorption coefficient (1/m) 700 (low) »
1075 (high)
Ambient temperature (K) 296.45 Room temperature
Initial tissue temperature (K) 303.45
Tissue Density (kg/m?) 1000 04l
Specific heat capacity of tissue [J/(kg K)] 3000 Al-a4
Metabolic heat (W/m?) 200 45.46
0.35 (baseline)
Thermal conductivity [W/(m K)] 0.21 (low) 4041434447
0.48 (high)
Surface emissivity 0.98 ®
Refractive index 1.40 »
Blood perfusion(1/s) 0.001 49
Scattering coefficient(1/m) 2500 3
Coefficient of anisotropy 0.90 »

Table 1. Parameters used in COMSOL parameter testing.

plastic provide thermal conductivity differences on a small spatial scale. To test the spatial resolution as a func-
tion of laser beam width, the irradiation beam diameter was adjusted using a 1000 pm pinhole and the beam
was translated across the pillars with a 125 um step size. The data were analyzed by plotting the FWHM and the
thermal decay constant was plotted as a function of translated distance.

The spatial resolution of FDTI was directly compared to widefield irradiation DTI techniques by irradiating
the phantom with a 405 nm LED with a 1 cm spot size. As analyzed in the literature, the temperature decay after
light exposure was fit to an exponential and the decay constant was calculated per pixel in the illumination area. A
row spanning the same pillars measured using FDTI was analyzed and per pixel decay time constant was plotted
to identify the spatial resolution and directly compare with the FDTI values from the same pillar spacing rows.

Computational model. The FDTI phenomenon was modeled in COMSOL Multiphysics (Burlington, MA,
USA) version 5.4.2 by coupling of the Bioheat Transfer and Radiation in Absorbing-Scattering Media modules.
This software enabled simulation of heat transfer based on specific properties of the tissue using the finite ele-
ment method on a custom mesh to solve for the change in heat over time. The model solved Pennes” bioheat
equation which requires input for the density, specific heat capacity, initial temperature, ambient temperature,
and thermal conductivity of the tissue, blood perfusion rate, and metabolic heat generation, all of which were
obtained from values published in the literature (Table 1). Laser-induced heating was incorporated into the
model using the Radiation in a Participating Media module. The radiative heat term requires inputs of optical
absorption coeflicient, scattering coefficient, initial radiative intensity, refractive index, and coeflicient of anisot-
ropy. For boundary conditions, the surface was set as a diffuse surface with thermal emissivity and ambient tem-
perature inputs as shown in Table 1. The interior boundaries are set to "open boundaries" and thus allow for heat
to transfer through them, and the boundary temperatures are consistent with adjacent internal temperatures
throughout the duration of the simulation. Prior to application of the radiative term, the tissue was allowed to
self-regulate for 2 min, followed by the application of a 5 mW laser with a Gaussian profile on the tissue for 10 s.

Computational parameter sweep. The effects of various model parameters on model output were tested
using parameter comparison of tissue thermal conductivity and optical absorption at a range of values reported
in the literature from physiological studies (Table 1). Parameter sweep results were analyzed by plotting the
cross-section of the surface temperature. The amplitude and FWHM of the thermal peak generated were calcu-
lated throughout laser stimulation and compared across parameter values.

Computational testing of biological tissue types. The ability to distinguish between tissue types was
tested by evaluating the model using input parameters from fat and muscle tissue based on reported literature
values (Table 2). Similar to the parameter sweep, the peak amplitude and FWHM were calculated throughout
laser stimulation and compared.

An experiment was designed to test the accuracy of the COMSOL model. Bulk pieces of porcine muscle and
porcine fat were experimentally measured using an FDTI system as described below. The amplitude and FWHM
were calculated and plotted, and compared to COMSOL simulation results.

In vivo mouse and rat experiments.  All animal work was approved and performed under an approved
protocol by Washington University’s Institutional Animal Care and Use Committee (IACUC). Animals were
housed under a 12 h dark-light cycle.

Two subcutaneous breast cancer models were used. The first subcutaneous model utilized 6 week-old female
Balb/c mice (n=9) that were subcutaneously implanted with 10° 4T1-Luc-GFP murine breast cancer cells on
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Parameter Porcine fat Source Porcine muscle Source

Absorption coefficient (m™) 150 (A =405 nm) 39,50 950 (A=405 nm) st

Ambient temperature (K) 296.45 Room temperature 296.45 Room temperature
Initial tissue temperature (K) 294.99 From experimental data | 293.34 From experimental data
Tissue density (kg/m?) 911 4041 1090 4041

Specific heat capacity of tissue [J/(kg*K)] | 2348 -4 3421 414244

Metabolic heat (W/m?) 0 Ex vivo, term ignored 0 Ex vivo, term ignored
Thermal conductivity [W/(m*K)] 0.24 404144 0.56 40,41,43,44,47

Surface emissivity 0.98 8 0.98 *

Refractive index 1.40 » 1.40 »

Blood perfusion (s™) 0 Ex vivo, term ignored 0 Ex vivo, term ignored
Scattering coefficient (m™) 7750 \=405nm) | ! 7000 (\=405nm) | °'

Legendre coefficient of anisotropy 0.90 » 0.90 »

Table 2. Parameters used in COMSOL validation of biological tissue types.

the right dorsal flank. The tumor size was tracked using calipers and were typically palpable by day 7. Images at
steady state and at 10 s of laser stimulation on days 7, 8, 10, 11, 14, 16, and 18 were captured post injection. FDTI
measurements were acquired on the tumor and matched contralateral sites served as controls.

The second subcutaneous breast cancer model used 6 week old and adult female Sprague Dawley rats (n=2
each, n=4 total), which were injected with 10° MAT B III mammary adenocarcinoma cells in the right flank.
FDTI measurements were acquired on the tumor and temperature-matched regions served as controls.

FDTI videos were taken of the rats every 3—4 days post tumor cell injection. Caliper measurements were taken
to track the growth of the tumor. Once a palpable tumor was identified, points were measured on the tumor.

All animals were sacrificed based on humane end-points. Thermal images and videos were used for feature
extraction using our image processing pipeline.

Statistical analysis and classification. Statistical analysis was performed using MATLAB R2018a. Mul-
tiple image features were extracted from each FDTI image and video as described above. Each feature was cor-
related using the Spearman correlation against the class label (healthy or cancerous) and ranked to determine
which features were most predictive of tissue composition. The ability to distinguish healthy from cancerous
tissue based on the individual most predictive features was determined using a t-test with a level of significance
set to 0.05. An additional correlation matrix comparing all features was calculated to identify independent fea-
tures to serve as predictors. Individual predictors and combinations of them were entered to train and evaluate
a Quadratic Discriminant Analysis classifier with fivefold cross-validation using the MATLAB Classification
Learner Application. The model performance was evaluated using accuracy measured as area under the receiver
operator characteristic (ROC) curve.

Ethical approval. All methods were performed in accordance with the relevant guidelines and regulations
(i.e. Declaration of Helsinki).

Data availability
The datasets generated and analyzed during the current study are available from the corresponding author on
reasonable request.

Received: 28 February 2020; Accepted: 10 July 2020
Published online: 28 July 2020

References

1. Topalidou, A., Ali, N., Sekulic, S. & Downe, S. Thermal imaging applications in neonatal care: a scoping review. BMC Pregnancy
Childbirth 19, 381. https://doi.org/10.1186/s12884-019-2533-y (2019).

2. Bagavathiappan, S., Lahiri, B. B., Saravanan, T., Philip, ]. & Jayakumar, T. Infrared thermography for condition monitoring—a
review. Infrared Phys. Technol. 60, 35-55. https://doi.org/10.1016/j.infrared.2013.03.006 (2013).

3. Corsi, C. Infrared: a key technology for security systems. Adv. Opt. Technol. 2012, 15. https://doi.org/10.1155/2012/838752 (2012).

4. Vreugdenburg, T. D., Willis, C. D., Mundy, L. & Hiller, J. E. A systematic review of elastography, electrical impedance scanning,
and digital infrared thermography for breast cancer screening and diagnosis. Breast Cancer Res. Treat. 137, 665-676. https://doi.
0rg/10.1007/s10549-012-2393-x (2013).

5. Godoy, S. E. et al. Detection theory for accurate and non-invasive skin cancer diagnosis using dynamic thermal imaging. Biomed.
Opt. Express 8, 2301-2323. https://doi.org/10.1364/BOE.8.002301 (2017).

6. Herman, C. The role of dynamic infrared imaging in melanoma diagnosis. Expert Rev. Dermatol. 8, 177-184 (2013).

7. Oh, G, Lee, K.-H. & Chung, E. Active thermodynamic contrast imaging for label-free tumor detection in a murine xenograft
tumor model. Biomed. Opt. Express 8, 5013-5026. https://doi.org/10.1364/BOE.8.005013 (2017).

8. Nowakowski, A. & Kaczmarek, M. Active dynamic thermography—problems of implementation in medical diagnostics. Quant.
Infrared Thermogr. J. 8, 89-106. https://doi.org/10.3166/qirt.8.89-106 (2011).

9. Burrell, R. A, McGranahan, N., Bartek, J. & Swanton, C. The causes and consequences of genetic heterogeneity in cancer evolution.
Nature 501, 338. https://doi.org/10.1038/nature12625 (2013).

SCIENTIFIC REPORTS |

(2020) 10:12549 | https://doi.org/10.1038/s41598-020-69362-8


https://doi.org/10.1186/s12884-019-2533-y
https://doi.org/10.1016/j.infrared.2013.03.006
https://doi.org/10.1155/2012/838752
https://doi.org/10.1007/s10549-012-2393-x
https://doi.org/10.1007/s10549-012-2393-x
https://doi.org/10.1364/BOE.8.002301
https://doi.org/10.1364/BOE.8.005013
https://doi.org/10.3166/qirt.8.89-106
https://doi.org/10.1038/nature12625

www.nature.com/scientificreports/

10.
11.
12.

13.
14.

15.
16.
17.
18.
19.
20.
21.
22.
23.

24.

25.

26.
27.

28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.

40.
. McIntosh, R. L. & Anderson, V. A comprehensive tissue properties database provided for the thermal assessment of a human at

42.
43.
44,
45.
46.
47.
48.
49.

50.

O’Connor, J. P. B. et al. Imaging intratumor heterogeneity: role in therapy response, resistance, and clinical outcome. Clin. Cancer
Res. 21, 249-257. https://doi.org/10.1158/1078-0432.ccr-14-0990 (2015).

Bouzin, M. et al. Photo-activated raster scanning thermal imaging at sub-diffraction resolution. Nat. Commun. 10, 5523. https://
doi.org/10.1038/s41467-019-13447-0 (2019).

Lawrence, K. P. et al. The UV /visible radiation boundary region (385-405 nm) damages skin cells and induces “dark” cyclobutane
pyrimidine dimers in human skin in vivo. Sci. Rep. 8, 12722. https://doi.org/10.1038/s41598-018-30738-6 (2018).

Wissler, E. H. Pennes’ 1948 paper revisited. . Appl. Physiol. 85, 35-41 (1998).

Omranipour, R. ef al. Comparison of the accuracy of thermography and mammography in the detection of breast cancer. Breast
Care (Basel) 11, 260-264. https://doi.org/10.1159/000448347 (2016).

Zharov, V. & Lapotko, D. Photothermal sensing of nanoscale targets. Rev. Sci. Instrum. 74, 785-788. https://doi.org/10.1063/1.15203
22 (2003).

Gomes, S., Assy, A. & Chapuis, P.-O. Scanning thermal microscopy: a review. Physica Status Solidi (a) 212, 477-494. https://doi.
0rg/10.1002/pssa.201400360 (2015).

Park, B. K. ef al. Thermal conductivity of biological cells at cellular level and correlation with disease state. J. Appl. Phys. 119,
224701. https://doi.org/10.1063/1.4953679 (2016).

Tong, T. & Majumdar, A. Reexamining the 3-omega technique for thin film thermal characterization. Rev. Sci. Instrum. 77, 104902.
https://doi.org/10.1063/1.2349601 (2006).

Bai, Y. et al. Ultrafast chemical imaging by widefield photothermal sensing of infrared absorption. Sci. Adv. 5, eeav127. https://doi.
org/10.1126/sciadv.aav7127 (2019).

Lapotko, D. O., Romanovskaya, T. Y. R., Shnip, A. & Zharov, V. P. Photothermal time-resolved imaging of living cells. Lasers Surg.
Med. 31, 53-63. https://doi.org/10.1002/1sm.10068 (2002).

Sergey, A. T., Jong-In, Y., Dennis, M. G., Welch, A. J. & Thomas, E. M. Non-contact measurement of thermal diffusivity in tissue.
Phys. Med. Biol. 46, 551 (2001).

Pirtini Cetingiil, M. & Herman, C. Quantification of the thermal signature of a melanoma lesion. Int. J. Therm. Sci. 50, 421-431.
https://doi.org/10.1016/j.ijthermalsci.2010.10.019 (2011).

Zhang, D. et al. Depth-resolved mid-infrared photothermal imaging of living cells and organisms with submicrometer spatial
resolution. Sci. Adv. 2, €1600521. https://doi.org/10.1126/sciadv.1600521 (2016).

Verdel, N., Marin, A., Milani¢, M. & Majaron, B. Physiological and structural characterization of human skin in vivo using com-
bined photothermal radiometry and diffuse reflectance spectroscopy. Biomed. Opt. Express 10, 944-960. https://doi.org/10.1364/
BOE.10.000944 (2019).

Jung, B., Kim, C. S., Choi, B. & Stuart Nelson, J. Hand-held pulsed photothermal radiometry system to estimate epidermal tem-
perature rise during laser therapy. Skin Res. Technol. 12, 292-297 (2006).

Ng, E. Y. K. & Kee, E. C. Advanced integrated technique in breast cancer thermography. . Med. Eng. Technol. 32, 103-114 (2008).
Ohashi, Y. & Uchida, I. Applying dynamic thermography in the diagnosis of breast cancer. IEEE Eng. Med. Biol. Mag. 19, 42-51
(2000).

Godoy, S. E. et al. Dynamic infrared imaging for skin cancer screening. Infrared Phys. Technol. 70, 147-152. https://doi.
org/10.1016/j.infrared.2014.09.017 (2015).

Case, J. R., Young, M. A,, Dréau, D. & Trammell, S. R. Noninvasive enhanced mid-IR imaging of breast cancer development in vivo.
J. Biomed. Opt. 20, 116003 (2015).

Herman, C. & Pirtini Cetingul, M. Quantitative visualization and detection of skin cancer using dynamic thermal imaging. JoVE
https://doi.org/10.3791/2679 (2011).

Ash, C., Dubec, M., Donne, K. & Bashford, T. Effect of wavelength and beam width on penetration in light-tissue interaction using
computational methods. Lasers Med. Sci. 32, 1909-1918. https://doi.org/10.1007/s10103-017-2317-4 (2017).

Zhou, Y. & Herman, C. Optimization of skin cooling by computational modeling for early thermographic detection of breast
cancer. Int. J. Heat Mass Transf. 126, 864-876. https://doi.org/10.1016/j.ijheatmasstransfer.2018.05.129 (2018).

Ntziachristos, V. Going deeper than microscopy: the optical imaging frontier in biology. Nat. Methods 7, 603. https://doi.
org/10.1038/nmeth.1483 (2010).

Shada, A. L. et al. Infrared thermography of cutaneous melanoma metastases. J. Surg. Res. 182, e9-e14. https://doi.org/10.1016/].
j$5.2012.09.022 (2013).

Anbar, M. Hyperthermia of the cancerous breast: analysis of mechanism. Cancer Lett. 84, 23-29. https://doi.org/10.1016/0304-
3835(94)90354-9 (1994).

Song, C. et al. Thermographic assessment of tumor growth in mouse xenografts. Int. J. Cancer 121, 1055-1058. https://doi.
org/10.1002/ijc.22808 (2007).

Xie, W., McCahon, P, Jakobsen, K. & Parish, C. Evaluation of the ability of digital infrared imaging to detect vascular changes in
experimental animal tumours. Int. J. Cancer 108, 790-794. https://doi.org/10.1002/ijc.11618 (2004).

Messmer, M. N., Kokolus, K. M., Eng, ]. W. L., Abrams, S. I. & Repasky, E. A. Mild cold-stress depresses immune responses: impli-
cations for cancer models involving laboratory mice. BioEssays 36, 884-891. https://doi.org/10.1002/bies.201400066 (2014).
Jacques, S. L. Optical properties of biological tissues: a review. Phys. Med. Biol. 58, R37-R61. https://doi.org/10.1088/0031-
9155/58/11/r37 (2013).

Duck, E. A. In Physical Properties of Tissues (ed. Duck, E A.) 9-42 (Academic Press, Cambridge, 1990).

rest. Biophys. Rev. Lett. 05, 129-151. https://doi.org/10.1142/s1793048010001184 (2010).

van den Berg, P. M., De Hoop, A. T., Segal, A. & Praagman, N. A computational model of the electromagnetic heating of biological
tissue with application to hyperthermic cancer therapy. IEEE Trans. Bio-med. Eng. 30, 797-805 (1983).

Collins, C. M. et al. Temperature and SAR calculations for a human head within volume and surface coils at 64 and 300 MHz. J.
Magn. Reson. Imaging JMRI 19, 650-656. https://doi.org/10.1002/jmri.20041 (2004).

Van Leeuwen, G. M. et al. Calculation of change in brain temperatures due to exposure to a mobile phone. Phys. Med. Biol. 44,
2367-2379 (1999).

Cetingul, M. P. & Herman, C. A heat transfer model of skin tissue for the detection of lesions: sensitivity analysis. Phys. Med. Biol.
55, 5933-5951. https://doi.org/10.1088/0031-9155/55/19/020 (2010).

Ma, J., Yang, X., Sun, Y. & Yang, J. Thermal damage in three-dimensional vivo bio-tissues induced by moving heat sources in laser
therapy. Sci. Rep. 9, 10987. https://doi.org/10.1038/s41598-019-47435-7 (2019).

Bowman, H. E, Cravalho, E. G. & Woods, M. Theory, measurement, and application of thermal properties of biomaterials. Annu.
Rev. Biophys. Bioeng. 4, 43-80. https://doi.org/10.1146/annurev.bb.04.060175.000355 (1975).

Soerensen, D., Clausen, S., Mercer, J. & Pedersen, L. Determining the emissivity of pig skin for accurate infrared thermography.
Comput. Electron. Agric. 109, 52-58 (2014).

Jiang, S. C., Ma, N, Li, H. J. & Zhang, X. X. Effects of thermal properties and geometrical dimensions on skin burn injuries. Burns
28, 713-717. https://doi.org/10.1016/S0305-4179(02)00104-3 (2002).

Bashkatov, A. N., Genina, E. A., Kochubey, V. I. & Tuchin, V. V. Optical properties of human skin, subcutaneous and mucous tissues
in the wavelength range from 400 to 2000 nm. J. Phys. D Appl. Phys. 38, 2543-2555. https://doi.org/10.1088/0022-3727/38/15/004
(2005).

SCIENTIFIC REPORTS |

(2020) 10:12549 | https://doi.org/10.1038/s41598-020-69362-8


https://doi.org/10.1158/1078-0432.ccr-14-0990
https://doi.org/10.1038/s41467-019-13447-0
https://doi.org/10.1038/s41467-019-13447-0
https://doi.org/10.1038/s41598-018-30738-6
https://doi.org/10.1159/000448347
https://doi.org/10.1063/1.1520322
https://doi.org/10.1063/1.1520322
https://doi.org/10.1002/pssa.201400360
https://doi.org/10.1002/pssa.201400360
https://doi.org/10.1063/1.4953679
https://doi.org/10.1063/1.2349601
https://doi.org/10.1126/sciadv.aav7127
https://doi.org/10.1126/sciadv.aav7127
https://doi.org/10.1002/lsm.10068
https://doi.org/10.1016/j.ijthermalsci.2010.10.019
https://doi.org/10.1126/sciadv.1600521
https://doi.org/10.1364/BOE.10.000944
https://doi.org/10.1364/BOE.10.000944
https://doi.org/10.1016/j.infrared.2014.09.017
https://doi.org/10.1016/j.infrared.2014.09.017
https://doi.org/10.3791/2679
https://doi.org/10.1007/s10103-017-2317-4
https://doi.org/10.1016/j.ijheatmasstransfer.2018.05.129
https://doi.org/10.1038/nmeth.1483
https://doi.org/10.1038/nmeth.1483
https://doi.org/10.1016/j.jss.2012.09.022
https://doi.org/10.1016/j.jss.2012.09.022
https://doi.org/10.1016/0304-3835(94)90354-9
https://doi.org/10.1016/0304-3835(94)90354-9
https://doi.org/10.1002/ijc.22808
https://doi.org/10.1002/ijc.22808
https://doi.org/10.1002/ijc.11618
https://doi.org/10.1002/bies.201400066
https://doi.org/10.1088/0031-9155/58/11/r37
https://doi.org/10.1088/0031-9155/58/11/r37
https://doi.org/10.1142/s1793048010001184
https://doi.org/10.1002/jmri.20041
https://doi.org/10.1088/0031-9155/55/19/020
https://doi.org/10.1038/s41598-019-47435-7
https://doi.org/10.1146/annurev.bb.04.060175.000355
https://doi.org/10.1016/S0305-4179(02)00104-3
https://doi.org/10.1088/0022-3727/38/15/004

www.nature.com/scientificreports/

51. Filatova, S. A., Shcherbakov, I. A. & Tsvetkov, V. B. Optical properties of animal tissues in the wavelength range from 350 to 2600
nm. vol 22. (SPIE, Bellingham, 2017).

Acknowledgments

This research was supported in part by the National Institutes of Health Grants (R0O1 CA171651, U54
CA199092, R01 EB021048, P50 CA094056, P30 CA091842, S10 OD020129, S10 OD016237, S10 OD027042,
and §10 OD025264), the Department of Defense Breast Cancer Research Program (W81XWH-16-1-0286), and
the Alvin J. Siteman Cancer Center Investment Program Research Development Award. CO was supported by
a W. M. Keck Foundation Postdoctoral Research Fellowship.

Author contributions

C.M.O. and H.M. contributed to experimental design, data collection, image processing and analysis, statistics,
interpretation, construction of figures, and writing. L.S. contributed to experimental design, data collection, data
interpretation, construction of figures, and writing. J.C. conducted thermal simulations and contributed to the
construction of figures and writing. PG. contributed to data analysis and construction of figures. H.Z. contributed
to data collection. K.B. contributed to data collection, data analysis, and construction of figures. S.M. contrib-
uted to experiment design, data collection, data interpretation, and writing. G.S. contributed to experimental
design and data collection. C.B. and C.B. conceived of the FDTI idea and contributed to experimental design,
image analysis, and interpretation. S.A. initiated research, co-conceived FDTI implementation, contributed to
experimental design, data interpretation, construction of figures, and writing.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to S.A.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

SCIENTIFIC REPORTS |

(2020) 10:12549 | https://doi.org/10.1038/s41598-020-69362-8


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Focal dynamic thermal imaging for label-free high-resolution characterization of materials and tissue heterogeneity
	Anchor 2
	Anchor 3
	Results
	Computational modeling. 
	Data acquisition and analysis. 
	FDTI spatial resolution. 
	FDTI detects changes in tissue heterogeneity in vivo. 
	Multiparametric feature classifier enhances the accuracy of tumor detection in a mouse model of cancer. 
	FDTI distinguishes underlying tissue heterogeneity in a rat model of cancer. 

	Discussion
	Materials and methods
	Experimental FDTI system. 
	Experimental image acquisition, processing, and feature extraction. 
	FDTI resolution testing. 
	Computational model. 
	Computational parameter sweep. 
	Computational testing of biological tissue types. 
	In vivo mouse and rat experiments. 
	Statistical analysis and classification. 
	Ethical approval. 

	References
	Acknowledgments


