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Abstract

We present a novel theory that establishes the relation-
ship between light transport in visible and thermal infrared,
and heat transport in solids. We show that heat generated
due to light absorption can be estimated by modeling heat
transport using a thermal camera. For situations where
heat conduction is negligible, we analytically solve the heat
transport equation to derive a simple expression relating
the change in thermal image intensity to the absorbed light
intensity and heat capacity of the material. Next, we prove
that intrinsic image decomposition for Lambertian scenes
becomes a well-posed problem if one has access to the ab-
sorbed light. Our theory generalizes to arbitrary shapes
and unstructured illumination. Our theory is based on ap-
plying energy conservation principle at each pixel indepen-
dently. We validate our theory using real-world experi-
ments on diffuse objects made of different materials that ex-
hibit both direct and global components (inter-reflections)
of light transport under unknown complex lighting.

1. Introduction
Printed on paper, this text appears black because the ink
does not reflect much light. So what happens to the light
striking the ink? It gets absorbed and converted into heat,
thereby disappearing from the visible light transport system.
Starting from the early works in 1970s [3, 20, 23, 27, 31,
35], decades of research[6, 18, 33] have attempted to sepa-
rate surface reflectance and shading from images by model-
ing shapes[30], illuminations [8] and their interactions [13].
However, in the general case, decomposing light transport
is fundamentally an ill-posed problem, thus requiring hand-
crafted [23] or learned priors[1, 2, 4, 9]. But what if we can
somehow observe the light lost to absorption?

Analogous to light transport, heat transport models the
generation and flow of heat through a medium and its ex-
change with the surrounding [5, 34]. In the heat transport
system, the heat generated due to light absorption is no dif-
ferent from any other type of heat generation. While heat
itself cannot be seen, all objects radiate infrared light based

Visible Image Temperature rise at t=0.1s Temperature rise at t=3s

Experiment Setup Albedo Shading

Figure 1. The visible image (brightened for visualization) captures
the reflected light, which is the product of albedo and shading at
that pixel. The absorbed light gets converted into heat and raises
the temperature, which can be observed using a co-located thermal
camera. The illumination is turned on at t = 0. The temperature
rise at t = 0.1s and t = 3s are shown using turbo colormap. Our
novel theory establishes the relationship between light and heat
transport and provides an analytical solution to compute albedo
and shading for complex shapes and unknown illumination.

on their surface temperature, and that can be measured us-
ing a thermal camera [34]. By modeling heat transport, we
make the first attempt to estimate the intensity of light ab-
sorbed by an object, thus establishing the connection be-
tween light and heat transport.

We develop a novel theory that proves having access to
absorbed light turns single view intrinsic image decompo-
sition into a pixel-wise well-posed problem, even for arbi-
trary shape and illumination. Our key insight is that all the
complexities of the reflected light transport are also present
in the absorbed light, in the same functional form but sim-
ply scaled by the complement of the albedo. Consider the
color chart seen in Fig. 1. The amount of irradiance due to
the line light is approximately equal for the black and white
patches. While the visible image records a low intensity for
the black patch, the corresponding increase in intensity in
the thermal images is high, and vice versa. Leveraging the
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principle of energy conservation, the sum of reflected light

and absorbed light at each scene point must equal its irra-

diance, which is also called as shading. Similarly, we can

compute the ratio of reflected light to irradiance, which is

also called as surface reflectance or albedo.

A key ingredient in our approach is the ability to esti-

mate the intensity of heat generated due to light absorption.

In the general case, estimating it requires solving the heat

transport equation which does not have an analytical solu-

tion for unknown shapes [5, 34]. However, in the absence

of heat conduction, we show that the analytical solution to

the heat transport equation for a constant source is a tran-

sient response that follows a 2-parameter exponential curve.

Therefore, the source intensity can be estimated with as lit-

tle as three frames from a thermal video. In practice, con-

duction occurs in all real-world objects albeit to a smaller

degree in insulators and regions with low temperature gra-

dient. Therefore, we limit the influence of conduction by fo-

cusing on the transient response of each pixel immediately

after turning on light. A key limitation of our approach is

that we require the system to be at thermal equilibrium be-

fore the light is turned on and other sources of heat genera-

tion, if any, remain constant. This is required to ensure the

rise in temperature is only due to the absorbed light.

Prior works in computational thermal imaging have stud-

ied the thermal transient response of objects to heating.

Dashpute et al. [11] heat planar objects using a laser and

capture a 1 min long thermal video to estimate its ther-

mal diffusivity and emissivity. Of most relevance to our

work, Tanaka et al. [32] heat objects using infrared lamps

and record a 10 mins long thermal video. They decompose

these videos using curve fitting into ambient, specular, dif-

fuse and global components, where the latter two are as-

sumed to be exponential curves. But this decomposition is

akin to direct-global separation which is different from in-

trinsic image decomposition. Also, they use the extracted

diffuse component as input to a photometric stereo algo-

rithm. Note that their estimated “albedo” corresponds to

absorptivity in the infrared spectrum and their photometric

stereo is limited to distant point light sources at known di-

rections (separate video for each direction). In contrast, our

theory establishes and exploits the causal relationship be-

tween light and heat transport. And we apply our theory

to albedo-shading separation in the visible spectrum for ar-

bitrary unknown illumination using a single 4 sec thermal

video and a single visible image.

Several works in vision [17, 36, 37] and robotics [22, 25]

fuse spatial features from the visible and thermal images in

order to improve robustness of downstream tasks, such as

object detection [24], to lighting and weather conditions.

However, these methods do not reason about the relation-

ship between the two spectrums from a physics perspective.

We validate our theory through real world experiments

using a co-located setup of a visible and thermal camera.

Our target objects, even though diffuse, are made of dif-

ferent materials, contain direct and global light transport

(inter-reflections), low and high spatial frequency and un-

structured illumination, all of which are unknown.

2. Joint Light and Heat Transport
In this section, we briefly introduce the relationship be-

tween light and heat transport. While light energy is carried

via photons, heat is thermal energy exchanged via molecu-

lar vibrations. Visible light (VIS, 0.4−0.7μm) transport can

model the light scattered by the scene from a source towards

the camera. The light absorbed by the scene gets converted

to heat which is then exchanged via conduction, convec-

tion, retention (i.e. increase in temperature) and radiation,

and is governed by the heat transport equation. Similar to

VIS transport, Longwave Infrared light (LWIR, 8− 14μm)

transport can be used to model the radiation emitted by ob-

jects, based on their temperature, towards a thermal camera.

Our first contribution is an algorithm, described in

Sec. 3, for estimating the intensity of absorbed light using

only a thermal video. This involves two steps: 1) infer-

ring temperatures using LWIR light transport, and 2) infer-

ring source intensity using heat transport equation. As all

objects in the scene constantly exchange heat, it is hard to

disambiguate heat generated by light absorption from other

sources of heat at equilibrium. However, if we disturb the

equilibrium by turning on the visible light at a known time,

then the resulting rise in temperature allows us to estimate

heat generated only due to our illumination.

Our second contribution is a novel theory, described in

Sec. 4, that decomposes VIS transport for arbitrary shapes

and illumination. We derive simple analytical expressions

for albedo and shading using a visible image and the ab-

sorbed light intensity estimated from a thermal video cap-

tured by a co-located thermal camera.

3. Estimating Absorbed Light Intensity
Consider a scene initially at thermal equilibrium. At a time

t1, the illumination, which is constant with time, is turned

on and a thermal video is captured. We assume the illumi-

nation is focused primarily at the target scene and therefore

the temperature of the surrounding remains constant. Our

objective is to estimate the spatially varying absorbed light

(heat source) intensity using a single thermal video.

3.1. Thermal Images to Temperature Changes

In LWIR light transport, all surfaces including the camera

and the scene emit (and reflect) radiation. The pixel inten-

sity in the nth frame In(p) of a thermal video can be written

as:

In(p) = αU(Tn(x)) + Us, (1)
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w h er e T n (x ) is t h e t e m p er at ur e at ti m e tn , α is t h e eff e cti v e
e missi vit y, U s d e n ot es t h e r a di ati o n fr o m t h e s urr o u n di n g,
a n d U (T ) is a n o n-li n e ar f u n cti o n t h at a p pr o xi m at es t h e i n-
t e gr al of t h e Pl a n c k r a di ati o n l a w.

F or a s m all r a n g e ar o u n d T ∗ , U (T ) c a n b e li n e arl y a p-
pr o xi m at e d as:

U (T ) = k 1 (T − T ∗ ) + k 2 , ( 2)

w h er e k 1 a n d k 2 ar e c a m er a-s p e ci fi c c o nst a nts t h at d e p e n d
o n T ∗ . We r ef er t h e r e a d er t o A p p e n di x A f or m or e d et ails.
C o m bi ni n g E q. ( 1 ) a n d E q. (2 ), w e g et

I n (p ) − I m (p ) = k 1 α (T n (x ) − T m (x )). ( 3)

T h e a b o v e e q u ati o n s h o ws t h at c h a n g e i n pi x el i nt e nsit y
is li n e arl y r el at e d t o c h a n g e i n s c e n e t e m p er at ur e. N ot e
t h at c o m m o nl y us e d t h er m al c a m er as ar e u n c o ol e d mi-
cr o b ol o m et ers t h at e x hi bit t h er m al i n erti a [ 2 8 , 2 9 ], w h er e
t h e m e as ur e d i nt e nsiti es h a v e a s m all d el a y wit h r es p e ct t o
c h a n g es i n t h e s c e n e. T his eff e ct is i g n or e d f or t h e p ur p os es
of t his p a p er.

3. 2. H e at Tr a ns p o rt E q u ati o n wit h o ut C o n d u cti o n

C o nsi d er a n i n fi nit esi m al v ol u m e at a s c e n e p oi nt wit h ar e a
δ A a n d d e pt h δ z . T h e h e at tr a ns p ort e q u ati o n at t h at p oi nt
c a n b e writt e n as [ 5 , 3 4 ]:

C v δ A δ z
∂ T

∂ t
= κ δ A δ z ∆ T + δ A h c (T s − T ) +

δ A σ ϵ (T 4
s − T 4 ) + δ A S, ( 4)

w h er e C v is t h e v ol u m etri c h e at c a p a cit y, T is t h e t e m p er a-
t ur e, κ is t h e t h er m al c o n d u cti vit y, ∆ d e n ot es t h e l a pl a ci a n
o p er at or at t h at p oi nt, h c is t h e c o n v e cti o n c o ef fi ci e nt, T s

is t h e s urr o u n di n g t e m p er at ur e, σ is t h e St ef a n- B olt z m a n n
c o nst a nt, ϵ is t h e s urf a c e e missi vit y, a n d S is t h e i nt e nsit y of
h e at g e n er at e d vi a li g ht a bs or pti o n. N ot e t h at all t h e t er ms
ar e e x pr ess e d i n u nits of W . F or a n o p a q u e L a m b erti a n
s c e n e, all t h e li g ht a bs or pti o n h a p p e ns n e ar t h e s urf a c e.

N ot e t h at t h e m a g nit u d e of h e at c o n d u cti o n is pr o p or-
ti o n al t o t h e l o c al t e m p er at ur e l a pl a ci a n. A n al yti c all y s ol v-
i n g E q. (4 ) r e q uir es k n o wi n g t h e s h a p e si n c e t h e l a pl a ci a n
o p er at or d e p e n ds o n t h e l o c al c ur v at ur e. I g n ori n g c o n d u c-
ti o n, m a k es t h e h e at e q u ati o n pi x el- wis e i n d e p e n d e nt a n d
l e n ds its elf t o a n a n al yti c al s ol uti o n i n d e p e n d e nt of s h a p e.
M or e o v er, m a n y r e al- w orl d m at eri als, s u c h as p ai nts, pl as-
ti cs, p a p er a n d w o o d, h a v e l o w t h er m al c o n d u cti vit y. As t h e
o bj e ct is i niti all y at e q uili bri u m, l o c al t e m p er at ur e l a pl a-
ci a ns st art at z er o a n d i n cr e as e wit h ti m e if a n d o nl y if
n ei g h b ori n g pi x els h a v e diff er e nt m at eri al pr o p erti es a n d/ or
r e c ei v e diff er e nt a m o u nts of li g ht. T h er ef or e, w e c o nsi d er
a s h ort t h er m al vi d e o i m m e di at el y aft er li g ht is t ur n e d o n
w h e n c o n d u cti o n c a n b e i g n or e d.

Di vi di n g b y ar e a a n d i g n ori n g c o n d u cti o n, E q. ( 4 ) is:

C v δ z
∂ T

∂ t
= h c (T s − T ) + σ ϵ (T 4

s − T 4 ) + S. ( 5)

Si n c e t e m p er at ur e ris e d u e t o li g ht a bs or pti o n is t y pi c all y
s m all ( ≤ 1 5 K wit hi n 4 s e c i n o ur e x p eri m e nts), w e li n e ari z e
t h e r a di ati o n t er m ar o u n d a n o mi n al t e m p er at ur e T ∗ t o g et

σ ϵ (T 4
s − T 4 ) ≈ 4 σ ϵ T 3

∗ (T s − T ), ( 6)

w h er e t h e a bs ol ut e err or d u e t o li n e ari z ati o n is ≤ 4 % . T his
si m pli fi es E q. ( 5 ) t o

H
∂ T

∂ t
+ P T = S + P T s , ( 7)

w h er e H = C v δ z a n d P = ( h c + 4 σ ϵ T 3
∗ ).

3. 3. A n al yti c al S ol uti o n

S ol vi n g E q. ( 7 ) at a si n gl e pi x el (r ef er A p p e n di x B f or
d eri v ati o n), w e g et

T n − T 1 =
S

P
+ T s − T 1 1 − e − P

H ( t n − t 1 ) . ( 8)

Si n c e w e ass u m e t h e s yst e m is i niti all y at t h er m al e q uili b-
ri u m, w e c a n s et T s = T 1 . N o w, s u bstit uti n g E q. (3 ) i nt o
t h e a b o v e e q u ati o n, w e g et

I n − I 1 =
S k 1 α

P
1 − e − P

H ( t n − t 1 ) ( 9)

T h er ef or e, gi v e n a t h er m al vi d e o { I 1 , . . . , In } a n d c orr e-
s p o n di n g ti m e st a m ps { t1 , . . . , tn } , w e us e gr a di e nt d es c e nt
f or c ur v e fitti n g at e a c h pi x el i n d e p e n d e ntl y:

I n − I 1 = c 1 ( 1 − e −
t n − t 1

c 2 ). ( 1 0)

3. 4. R e c o v e ri n g S f r o m C u r v e Fitti n g

T h e r es ults of c ur v e fitti n g pr o vi d e c 1 a n d c 2 at e a c h pi x el.
Fr o m E q. ( 9 ) a n d E q. (1 0 ), n ot e t h at c 1 = S k 1 α

P . R e c o v-
eri n g S fr o m c 1 w o ul d r e q uir e k n o wl e d g e of k 1 , α a n d P ,
w h er e P d e p e n ds o n h c , ϵ a n d T ∗ . I n t h e or y, all t h es e q u a n-
titi es c o ul d v ar y p er- pi x el. H o w e v er, t h e s p ati al v ari ati o n i n
S , w hi c h d e p e n ds o n al b e d o i n visi bl e s p e ctr u m a n d ill u mi-
n ati o n, is m u c h gr e at er t h a n t h at of ot h ers. I n t his p a p er, w e
ass u m e t h e q u a ntit y β = k 1 α

P is c o m m o n f or all pi x els s u c h
t h at β is t h e c o nst a nt of pr o p orti o n alit y b et w e e n S a n d c 1 .
N ot e t h at L a m b erti a n s c e n es t y pi c all y c orr es p o n d t o r o u g h
s urf a c es w hi c h h a v e hi g h e missi vit y. Als o, it is k n o w n t h at
m ost p ai nts h a v e si mil arl y hi g h e missi vit y v al u es of > 0 .9
irr es p e cti v e of t h eir al b e d o i n t h e visi bl e s p e ctr u m [3 4 ]. As
t h e o bj e ct is i niti all y at e q uili bri u m, w e c a n ass u m e T ∗ , a n d
h e n c e k 1 , is c o m m o n f or all pi x els. I n t h e a bs e n c e of wi n d,
w e r e as o n a bl y ass u m e c o n v e cti o n, if it e xists at all, t o b e
u nif or m t hr o u g h o ut t h e s c e n e.
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Ta bl e 1. Vari o us li g hti n g c o n fi g ur ati o ns t y pi c all y m o d el e d i n s h a p e-fr o m-i nt e nsit y pr o bl e ms. It is tri vi al t o v erif y t h e e q u ati o ns f or s p ati all y v ar yi n g
al b e d o ρ ( x ) a n d s h a di n g η ( x ) r e m ai ns t h e s a m e irr es p e cti v e of t h e c o m pl e xit y of s h a p e or ill u mi n ati o n w h e n esti m at es of b ot h i m a g e irr a di a n c e I v ( x ) a n d
a bs or b e d li g ht i nt e nsit y S̃ ( x ) ar e a v ail a bl e. H er e, γ is t h e c a m er a g ai n, β is t h e u n k n o w n s c al e f a ct or i n t h e esti m ati o n of S̃ ( x ) , ζ = γ

β
is t h e r el ati v e s c al e

f a ct or, E is t h e s o ur c e i nt e nsit y, s is t h e li g ht s o ur c e dir e cti o n, n is t h e s urf a c e n or m al, ω is li g ht s o ur c e dir e cti o n f or e xt e n d e d s o ur c e, η is t h e s h a di n g t er m
a n d η ∗ is t h e s c e n e irr a di a n c e. I nt er-r e fl e cti o ns ar e m o d el e d as s p ati all y v ar yi n g s o ur c e i nt e nsiti es. All t h e a b o v e c as es c a n b e e xt e n d e d t o m o d el c ast a n d
att a c h e d s h a d o ws usi n g a s h a d o wi n g f u n cti o n W ( x ) wit h o ut c h a n gi n g t h e e x pr essi o ns f or ρ a n d η .

Ill u mi n ati o n I m a g e Irr a di a n c e I v ( x ) Esti m at e d A bs or b e d Li g ht S̃ ( x ) Al b e d o ρ ( x ) S h a di n g η ( x )

F ar s o ur c e γ ρ ( x )
π

E ( s · n ( x ) ) β ( 1 − ρ ( x ) ) E ( s · n ( x ) )

π I v ( x )

π I v ( x ) + ζ S̃ ( x )
π I v ( x ) + ζ S̃ ( x )

M ulti pl e s o ur c es γ ρ ( x )
π l E l ( s l · n ( x ) ) β ( 1 − ρ ( x ) ) l E l ( s l · n ( x ) )

N e ar s o ur c es γ ρ ( x )
π l E l ( s l ( x ) · n ( x ) ) β ( 1 − ρ ( x ) ) l E l ( s l ( x ) · n ( x ) )

E xt e n d e d S o ur c es γ ρ ( x )
π ω

E ( ω ) ( ω · n ( x ) ) β ( 1 − ρ ( x ) )
ω

E ( ω ) ( ω · n ( x ) )

I nt er-r e fl e cti o ns γ ρ ( x )
π ω

E ( x, ω ) ( ω · n ( x ) ) β ( 1 − ρ ( x ) )
ω

E ( x, ω ) ( ω · n ( x ) )

G e n er al ill u mi n ati o n ρ ( x )
π

η ( x ) β ( 1 − ρ ( x ) ) η ( x ) / γ

4. Al b e d o- S h a di n g S e p a r ati o n

C o nsi d er a n o p a q u e L a m b erti a n s c e n e i m a g e d b y a c a m-
er a fr o m a fi x e d vi e w. We ass u m e t h at t h e c a m er a is s e n-
siti v e t o all t h e w a v el e n gt hs pr es e nt i n t h e li g ht s o ur c es
i. e. w e pri m aril y c o nsi d er L E Ds or C F L b ul bs w h e n us-
i n g visi bl e c a m er as. We first c o nsi d er t h e c as e w h er e t h e
al b e d o a n d t h e c a m er a r es p o ns e ar e i n d e p e n d e nt of w a v e-
l e n gt h i n S e c. 4. 1 a n d t h e n e xt e n d o ur t h e or y t o w a v el e n gt h-
d e p e n d e nt al b e d o f u n cti o ns i n S e c. 4. 2 . T h e w or ds i m a g e
a n d c a m er a c orr es p o n d t o visi bl e s p e ctr u m i n t his s e cti o n.

4. 1. G r a ys c al e Al b e d o a n d C a m e r a R es p o ns e

T h e i m a g e i nt e nsit y I v , w hi c h is pr o p orti o n al t o t h e p o w er
r e c ei v e d b y t h e c a m er a p er u nit ar e a, at a pi x el p (x ) f o c us e d
at a s c e n e p oi nt x is:

I v (p (x )) =
ρ (x )

π
η (x ), s.t. η (x ) ≡ γ η ∗ (x ) ( 1 1)

w h er e ρ (x ) a n d η (x ) ar e t h e s p ati all y v ar yi n g al b e d o a n d
s h a di n g, γ > 0 is t h e c a m er a g ai n r e pr es e nti n g t h e o pti cs
a n d s e ns or el e ctr o ni cs i n t h e c a m er a, a n d η ∗ (x ) is t h e tr u e
s c e n e irr a di a n c e r e c ei v e d b y x . N ot e t h at w e d o n ot r estri ct
t h e li g hti n g g e o m etr y i n a n y w a y a n d t h e s h a di n g η (x ) t er m
is u nstr u ct ur e d. I n t h e r est of t h e p a p er, w e us e p i n pl a c e
of p (x ).

T h e pi x el v al u e i n a n i m a g e d es cri b es t h e e n er g y r e-
fl e ct e d t o w ar ds t h e c a m er a b y a s c e n e p oi nt. Si n c e t h e s ur-
f a c e is o p a q u e, t h er e is n o tr a ns missi o n a n d t h e r e m ai ni n g
e n er g y g ets a bs or b e d a n d is c o n v ert e d i nt o h e at. R e c all
fr o m S e c. 3 t h at S (x ) d e n ot es t h e p o w er a bs or b e d p er u nit
ar e a , i. e. i nt e nsit y, b y x . L et S̃ ( x ) b e pr o p orti o n al t o it, a n d
is gi v e n b y:

S̃ ( x ) = β S (x ), s.t. S (x ) = ( 1 − ρ (x ))η ∗ (x ). ( 1 2)

D uri n g o p er ati o n, li g ht fi xt ur es als o g e n er at e s o m e t h er m al
e n er g y w hi c h i n cr e as es its t e m p er at ur e a n d t h er e b y i n cr e as-
i n g its bl a c k b o d y r a di ati o n. H o w e v er, t h e m a g nit u d e of t his

a d diti o n al h e at g e n er at e d at x is n e gli gi bl e a n d h e n c e i g-
n or e d i n t his p a p er. N e xt, w e c a n e x pr ess S̃ u si n g s h a di n g
as

S̃ ( x ) = β ( 1 − ρ (x ))
η (x )

γ
=

( 1 − ρ (x ))η (x )

ζ
, ( 1 3)

w h er e ζ = γ
β is t h e r el ati v e s c al e f a ct or.

I n t h e tri vi al c as e w h er e x r e c ei v es n o li g ht ( n eit h er di-
r e ct n or gl o b al ill u mi n ati o n), t h e s h a di n g t er m η (x ) = 0
a n d t h e al b e d o c a n n ot b e esti m at e d. W h e n e v er η (x ) > 0 ,
w e c a n r e- writ e E qs. ( 1 1 ) a n d (1 3 ) as

π I v (p )
1

η (x )
− ρ (x ) = 0 ( 1 4)

ζ S̃ ( x )
1

η (x )
+ ρ (x ) = 1 ( 1 5)

S ol vi n g t h e a b o v e s yst e m of e q u ati o ns, w e g et:

η (x ) = π I v (p ) + ζ S̃ ( x ) ( 1 6)

ρ (x ) =
π I v (p )

π I v (p ) + ζ S̃ ( x )
. ( 1 7)

If I v (p ), S̃ ( x ) a n d ζ ar e k n o w n, t h e a b o v e e q u ati o ns pr o-
vi d e a dir e ct m et h o d t o c o m p ut e s p ati all y v ar yi n g al b e d o
a n d s h a di n g c o m p o n e nts f or c o m pl e x s h a p es a n d ar bitr ar y
ill u mi n ati o n. T o e m p h asi z e its a p pli c a bilit y f urt h er, Ta-
bl e 1 lists s e v er al t y p es of li g hti n g c o n diti o ns t y pi c all y m o d-
el e d i n s h a p e-fr o m-i nt e nsit y pr o bl e ms a n d d e m o nstr at es
t h at E qs. (1 6 ), (1 7 ) h ol d i n all c as es.

4. 2. T o w a r ds G e n e r al Al b e d o F u n cti o ns

L et t h e c a m er a h a v e K c h a n n els wit h k n o w n s p e ctr al r e-
s p o ns es Γ k (λ ). R e c all t h at e a c h w a v el e n gt h pr es e nt i n t h e
li g ht s o ur c es m ust f all wit hi n at l e ast o n e of t h e c h a n n els.
T h e i m a g e irr a di a n c e at p i n c h a n n el k c a n b e writt e n as:

I k
v (p ) = γ

λ Ω

ρ (x , λ)

π
Γ k (λ )L (x , λ, ω)d ω d λ, ( 1 8)
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w h er e ρ (x , λ) is t h e diff us e al b e d o as a f u n cti o n of w a v e-
l e n gt h, L (x , λ, ω) is t h e s p e ctr al r a di a n c e at x , a n d ω d e-
n ot es t h e dir e cti o n al o n g t h e o ut er h e mis p h er e. T h e c orr e-
s p o n di n g esti m at e of a bs or b e d p o w er p er u nit ar e a is:

S̃ ( x ) = β
λ Ω

( 1 − ρ (x , λ))L (x , λ, ω)d ω d λ, ( 1 9)

S h a di n g at a p oi nt x is i n fl u e n c e d b y t h e e missi o n s p e c-
tr u m of t h e li g ht s o ur c es, t h e r el ati v e g e o m etr y b et w e e n x
a n d t h e li g ht s o ur c es, a n d t h e al b e d o of ot h er p oi nts i n t h e
s c e n e d u e t o i nt er-r e fl e cti o ns. W hil e t his g e n er al c as e r e-
m ai ns a n o p e n pr o bl e m, i n t h e r est of t his s e cti o n w e i g n or e
i nt er-r e fl e cti o ns a n d ass u m e all li g ht s o ur c es h a v e a c o m-
m o n e missi o n s p e ctr u m l(λ ) i. e.

Ω

L (x , λ, ω)d ω = η ∗ (x )l(λ ). ( 2 0)

N ot e t h at, t h e ill u mi n ati o n is still ar bitr ar y i n t er ms of
t h eir l o c ati o ns, si z es a n d a n g ul ar r a di a nt i nt e nsit y f u n cti o ns.
S u bstit uti n g E q. ( 2 0 ) i nt o E q. (1 8 ) a n d E q. (1 9 ), w e c a n
writ e

I k
v (p ) =

λ

ρ (x , λ)

π
Γ k (λ )η (x )l(λ )d λ, ( 2 1)

S̃ ( x ) = λ
η (x )l(λ )d λ −

λ
ρ (x , λ)η (x )l(λ )d λ

ζ
. ( 2 2)

As a c o nti n u o us- v al u e d f u n cti o n of w a v el e n gt h, t h e
diff us e al b e d o ρ (x , λ) is i n fi nit e- di m e nsi o n al, w hi c h r e-
q uir es f urt h er ass u m pti o ns t o e n a bl e tr a ct a bl e c o m p ut a-
ti o ns. We r el y o n a b o d y of w or k [1 0 , 1 4 – 1 6 ] t h at s h o ws
t h at r e fl e ct a n c e s p e ctr a li e cl os e t o a l o w- di m e nsi o n al s u b-
s p a c e. D e n oti n g t h e b asis f or t his s u bs p a c e as Φ ρ (λ ) =
{ ρ̃ 1 (λ ), . . . , ρ̃ M (λ )} , w e c a n e x pr ess t h e diff us e al b e d o
as [ 2 1 ]:

ρ (x , λ) =
M

m = 1

ρ̃ m (λ )a x , m = Φ ρ (λ )a x ( 2 3)

w h er e a x ∈ R M ar e t h e u n k n o w n c o ef fi ci e nts of i nt er est.
T his si m pli fi es E q. ( 2 1 ) a n d E q. (2 2 ) i nt o

I k
v (p ) = η (x )E T

k

a x

π
, ( 2 4)

S̃ ( x ) =
η (x )(L − F T a x )

ζ
, ( 2 5)

w h er e E k , F a n d L c a n b e c o m p ut e d a pri ori as f oll o ws:

E k [i] =
λ

l(λ ) Γ k (λ ) ρ̃ i (λ )d λ, ( 2 6)

F [i] =
λ

l(λ ) ρ̃ i (λ )d λ, ( 2 7)

L =
λ

l(λ )d λ. ( 2 8)

W h e n e v er η (x ) > 0 , E qs. (2 4 ) a n d (2 5 ) c a n b e writt e n as

π I k
v (p )ξ (x ) − E T

k a x = 0 , ∀ k ( 2 9)

ζ S̃ ( x )ξ (x ) + F T a x = L, ( 3 0)

w h er e ξ (x ) = 1 / η (x ). N ot e t h at w e h a v e a s yst e m of K + 1
li n e ar e q u ati o ns wit h M + 1 u n k n o w ns, n a m el y a x ∈ R M

a n d ξ (x ). T h er ef or e, w h e n e v er K ≥ M , t h e s yst e m of
e q u ati o ns c a n b e s ol v e d t o o bt ai n al b e d o a n d s h a di n g (r e-
ci pr o c al of ξ (x )) at e a c h pi x el i n d e p e n d e ntl y f or c o m pl e x
s h a p es a n d ill u mi n ati o n. S p e ci fi c all y, w e us e n o n- n e g ati v e
l e ast s q u ar es s ol v er f or t his pr o bl e m. F or m ost visi o n a p-
pli c ati o ns, w hi c h us e a 3- c h a n n el R G B c a m er a, w e c h o os e
a c orr es p o n di n g b asis s et Φ ρ wit h M = 3 . O ur t h e or y
c o ul d b e us e d wit h m ultis p e ctr al c a m er as wit h m or e c h a n-
n els w h e n hi g h er fi d elit y i n al b e d o is d esir e d. W hil e t h e
a b o v e d eri v ati o n r eli es o n E q. ( 2 0 ), it is still pr a cti c all y us e-
f ul i n m a n y r e al- w orl d s c e n es w h er e i nt er-r e fl e cti o ns e xist
as w e will s h o w i n S e c. 5 .

I n t h e s p e ci al c as e of a m o n o c hr o m e c a m er a c a pt uri n g
a s c e n e w h er e al b e d o d e p e n ds o n w a v el e n gt h, t h e s h a di n g
at e a c h pi x el c a n b e e x pr ess e d as a w ei g ht e d s u m of I a n d
S irr es p e cti v e of t h e e missi o n s p e ctr u m of t h e li g ht s o ur c e.
We r ef er t h e r e a d er t o A p p e n di x C f or m or e d et ails.

5. E x p e ri m e nt al R es ults

T o v ali d at e o ur t h e or y, w e p erf or m e x p eri m e nts o n s e v er al
c o m pl e x s c e n es wit h c h all e n gi n g ill u mi n ati o n. O ur s c e n es
ar e m ostl y diff us e, b ut c o nt ai n n oti c e a bl e n o n- L a m b erti a n
f e at ur es t h at t est t h e pr a cti c al utilit y of o ur t h e or y t o r e al-
w orl d o bj e cts. O ur e m p h asis is o n esti m ati n g t h e a bs or b e d
li g ht i nt e nsit y a n d p erf or mi n g al b e d o-s h a di n g s e p ar ati o n.

H a r d w a r e D et ails: O ur i m a gi n g s yst e m c o nsists of a n
I D S UI- 3 1 3 0 C P c ol or c a m er a wit h 6 0 0 × 8 0 0 r es ol uti o n
fitt e d wit h a n 8 m m Ta mr o n l e ns, a F LI R B os o n t h er m al
c a m er a h a vi n g ≤ 5 0 m K N E T D wit h 5 1 2 × 6 4 0 r es ol u-
ti o n fitt e d wit h a n 1 8 m m (2 4 ◦ H F O V) i nt e gr at e d l e ns a n d
a B S P- DI- 2 5- 2 g ol d di c hr oi c b e a ms plitt er fr o m I S P O pti cs.
T h e c a m er as ar e c o ars el y ali g n e d usi n g a n o pti c st a g e a n d a
h o m o gr a p h y is us e d f or fi n e ali g n m e nt. We us e L E D li g hts
fr o m A d v a n c e d Ill u mi n ati o n, n a m el y a hi g h i nt e nsit y li n e
li g ht ( L L 1 6 7 G 9 6- W HI), a l ar g e s p ot li g ht ( S L- S 1 0 0 1 5 0 M-
W HI) a n d t w o s m all s p ot li g hts ( S L- S 0 5 0 0 7 5 M- W HI). T h e
r el ati v e e missi o n s p e ctr u m of t h e li g hti n g a n d t h e s p e ctr al
r es p o ns e of t h e c ol or filt er arr a y i n t h e visi bl e c a m er a w er e
o bt ai n e d fr o m t h eir t e c h ni c al d at as h e ets, s e e Fi g. 2 .

D at a C a pt u r e a n d P r e p r o c essi n g: T h e visi bl e c a m er a
w as r a di o m etri c all y c ali br at e d [ 1 2 ]. T o c a pt ur e t h e f ull d y-
n a mi c r a n g e of t h e ill u mi n ati o n, w e a c q uir e d a st a c k of 1 5

1 1 9 2 8



(a) Imaging System (b) Experimental Setup
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Figure 2. Our imaging system consists of a visible camera and a
thermal camera colocated using a gold dichroic beamsplitter. The
light sources are placed close to the target scene so that the rise
in temperature due to light absorption is detectable in the thermal
camera. All the light sources have the same emission spectrum.
The relative emission spectrum of the white LED and the quantum
efficiency curves of the Color Filter Array are obtained from the
corresponding datasheets.

images in BayerRG format with a geometric progression of
exposures that span 0.05ms to over 180ms. All the images
were demosaiced using gradient-corrected linear interpola-
tion [26] and subsequently quantized to 8-bit images. The
resulting LDR images were composited into a single linear
HDR image using the previously estimated camera response
function. Finally, this image is warped into the perspective
of the thermal camera using a homography.

The thermal camera is allowed to reach steady state op-
erating temperature after powering on, which can take up to
30mins. The entire experimental setup including the target
object is allowed to reach thermal equilibrium before be-
ginning data collection. A flat field correction is performed
a few seconds prior to turning on the light and a thermal
video is recorded. The thermal camera is operated in the
high gain state and the raw 16-bit data is captured at 60Hz.
Both the thermal images and the warped HDR image were
downsized 4× using local mean computation to suppress
noise and alleviate errors in co-location.

Implementation Details: We manually identify the first
frame when light was turned on and use the pixel-wise me-
dian of the preceding frames as the initial frame I1. We
use 200 frames since light was turned on for fitting the 2-
parameter curve. We implement the curve fitting using gra-
dient descent in PyTorch. We consider a 3 dimensional ba-
sis set for albedo with ρ̃b(λ) = I[400nm ≤ λ < 530nm],

Figure 3. The first column shows change in intensity at 0.1s and at
3s after turning on the lights. Note that we process each pixel inde-
pendently. Two points of significance are marked in blue and red
respectively. The middle column shows the curve fitting results for
the highlighted points. The input intensities are shown as dots and
the estimated intensities are shown as a continuous curves. The
dashed lines correspond to the steady-state intensity that would be
reached and equals c1 from Eq. (10). The last column shows c1
for each pixel as a 2D image and a histogram of c2.

ρ̃g(λ) = I[530nm ≤ λ < 620nm], ρ̃r(λ) = I[620nm ≤
λ < 1100nm], where I[·] is the indicator function. Please
refer to Appendix D for details of Ek,F and L. The relative
factor ζ can be calibrated for a co-located imaging system
with a color chart under controlled lighting. Alternatively, ζ
can be treated as a hyper-parameter and tuned using cross-
validation.

5.1. Heat Source Estimation results

Figure 3 shows the result of our curve fitting for the wooden
blocks scene. The estimated constants c2, which is propor-
tional to heat capacity, appear like white noise and its corre-
sponding histogram plot resembles a Gaussian distribution.
This could be due to high levels of noise in thermal videos
as well as similar magnitudes of spatial variation in P and
H . On the other hand, the estimated per-pixel constants c1
have visual similarity to a shading image, although noisy.

5.2. Albedo-Shading separation results

Quantitative Evaluation: For comparison, we chose two
methods: (i) the classical, even if dated, Retinex algo-
rithm [23], which is well-suited for the color chart scene.
(ii) Ordinal Shading [7], a SOTA learning-based approach
which requires a large training dataset. We use the pre-
trained model here. We use the scale-invariant Mean
Squared Error (si-MSE) from [19] as our metric. It is hard
to obtain ground truth albedo and shading for general scenes
under unknown lighting. And publicly available datasets
do not have co-located thermal videos. Therefore, we first
evaluate albedo using the color chart under 4 different il-
luminations. As shown in Fig. 4, our albedo estimates are
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Figure 4. The first column is the mean value across colors (Ours:
0.020, Retinex: 0.034, Ordinal Shading: 0.080).

Figure 5. Our method operates per-pixel while other methods use
hand-crafted or learnt spatial priors. Note the residual albedo in
their estimated shading (images brightened for visualization).

Ours RGB-Retinex Ordinal Shading
Albedo 0.084 0.253 0.399
Shading 0.0005 0.0030 0.0080

Table 2. si-MSE values for Albedo and Shading using pseudo
ground truth data obtained for the painted mask scene.

Figure 6. (a) Curve fitting results of the same pixel for different
video lengths. (b) Albedo error (against color chart ground truth)
vs. length of input video.

significantly better than the other methods.
Next, we obtain pseudo-ground truth similar to [19] i.e.

with a scene painted white (ground truth shading) and re-
painted with texture. Fig. 5 and Tab. 2 illustrate that our
method outperforms SOTA methods both qualitatively and
quantitatively.

Ablation on length of video: Longer duration leads to
higher spatial thermal gradients that induce more conduc-
tion while shorter duration has lower signal to noise ratio.
As seen in Fig. 6a, the curve deviates further away from
the initial measurements when using longer videos. The
accuracy of the fit correlates with the accuracy of albedo
estimate for the color chart (see Fig. 6b). Our experiments
use 200 frames which corresponds to the green plots.

Qualitative evaluation: Figure 7 summarizes the albedo
shading separation results for the four target scenes. As
shown in the first two rows, we are given a HDR image from
the visible camera and the corresponding absorbed light in-
tensity is estimated from a thermal video using curve fitting
as discussed earlier. And the last two rows show results that
validate Eqs. (30) which are derived for general functions
of albedo and camera reponse with wavelength.

In the first scene, the interior of a mask is painted with
white and black acrylic paints and the line light is directed at
the portion of the image painted white. As highlighted in the
callout, the concave portion corresponding to nose appears
flat in the estimated albedo image for both the monochrome
and RGB cases. Note that the temperature of the back-
ground wall does not raise sufficiently in all of the scenes,
which makes it challenging for our approach. The thick
wall would also have a high heat capacity which exacer-
bates the challenge. In the second scene, a cardboard sheet
with printing on one side is folded to resemble the shape of
W. The inner V groove would have inter-reflections while
the outer faces are convex.

In the third scene, a collection of solid colored wooden
blocks are stacked into a complex geometry with both cast
and attached shadows. This result indirectly shows that ig-
noring heat conduction for solid objects still allows one to
recover the absorbed light intensity precisely. In the final
scene, we use a stack of disks made of soft plastic. Dif-
ferent patterns are embossed onto the circumference of the
disk. As highlighted in the callout, the shape information
corresponding to the embossing is correctly separated into
the shading term while the albedo term appears flat. These
results demonstrate the broad applicability of our theory to
everyday scenes with complex shapes and illumination.

Grayscale approximation: Fig. 8 shows the esti-
mated albedo and shading using grayscale approximation
(Eqs. (16) and (17)). Recall that the grayscale approxima-
tion does not require knowledge of the emission spectrum of
the light sources and the estimated shading is similar to that
using Eqs (30). The monochrome image is approximated by
taking the mean value across color channels. Correspond-
ing results for all the scenes are provided in Appendix E.

6. Conclusion
This paper studies the theoretical connection between light
transport in visible spectrum, heat transport in solids and
light transport in the thermal infrared spectrum. We proved
that having an estimate of absorbed light turns single image
intrinsic image decomposition into a well-posed problem
for arbitrary shape and illumination for lambertian scenes.
To estimate absorbed light, we derive an analytical expres-
sion for surfaces with negligible heat conduction by model-
ing heat transport immediately after turning on illumination.
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Figure 7. The first row shows the HDR visible image (brightened for visualization). Note that the colorchart is not an input to our method.
The second row shows the estimated heat source intensity (turbo colormap) obtained using the method in Sec. 3. The last two rows
correspond to solving Eqs. (30) using non-negative least squares method. The estimated albedo is clipped to the range [0, 1]. The callouts
for the visible image, heat source intensity, and shading are normalized individually to aid visualization.

Albedo Shading

Figure 8. Albedo-Shading result for the soft toys scene using the
grayscale approximation.

Experiments showed that albedo and shading can be mea-
sured from a single view given a visible image and a short
thermal video from a co-located imaging system.

Just like we have shown an example of how model-
ing heat transport can help solve challenges in visible light
transport, we believe research in visible light transport can
help Infrared Thermography by improving accuracy of tem-
perature measurement or observing heat transfer within in-
homogenous surfaces. Extending our theory to the full light
transport, including general BRDFs, translucent materials
and subsurface scattering are just a few of the exciting new
directions that this research opens up.
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