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Simultaneous temperature estimation and
nonuniformity correction from multiple frames

Navot Oz, Omri Berman, Nir Sochen, David Mendelovich, and Iftach Klapp
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Fig. 1. Estimating the scene temperature from a burst of gray level frames.

Abstract—Infrared (IR) cameras are widely used for tem-
perature measurements in various applications, including agri-
culture, medicine, and security. Low-cost IR camera have an
immense potential to replace expansive radiometric cameras in
these applications, however low-cost microbolometer-based IR
cameras are prone to spatially-variant nonuniformity and to
drift in temperature measurements, which limits their usability
in practical scenarios.

To address these limitations, we propose a novel approach for
simultaneous temperature estimation and nonuniformity correc-
tion from multiple frames captured by low-cost microbolometer-
based IR cameras. We leverage the physical image acquisition
model of the camera and incorporate it into a deep learning
architecture called kernel estimation networks (KPN), which
enables us to combine multiple frames despite imperfect reg-
istration between them. We also propose a novel offset block
that incorporates the ambient temperature into the model and
enables us to estimate the offset of the camera, which is a key
factor in temperature estimation.

Our findings demonstrate that the number of frames has a
significant impact on the accuracy of temperature estimation
and nonuniformity correction. Moreover, our approach achieves
a significant improvement in performance compared to vanilla
KPN, thanks to the offset block. The method was tested on
real data collected by a low-cost IR camera mounted on a UAV,
showing only a small average error of 0.27◦C − 0.54◦C relative
to costly scientific-grade radiometric cameras.

Our method provides an accurate and efficient solution for
simultaneous temperature estimation and nonuniformity correc-
tion, which has important implications for a wide range of
practical applications.

Index Terms—Deep learning, Fixed-Pattern Noise (FPN), Mul-
tiframes, Temperature estimation, Nonuniformity correction, In-
frared cameras, Microbolometer, space variant nonuniformity
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I. INTRODUCTION

TEMPERATURES is an important indicator for the state
of an object. For example, the temperature of a plant is

important in deducing information on its well-being [1], [2].
Long-wave infrared (LWIR) imaging is a technique that

measures the thermal radiation emitted from an object, com-
monly known as infra-red (IR) imaging. To avoid noise
and improve accuracy, radiometric IR cameras are usually
cooled to 200K and below. The cooling apparatus, as well
as complex shuttering and control systems, increase the cost
of the camera considerably. Although IR imaging is a well-
established technique, the high cost of IR cameras prohibits
widespread usage.

An alternative approach to radiometric thermal imaging
involves the use of low-cost uncooled microbolometer arrays,
which can facilitate the creation of inexpensive IR cam-
eras with low energy requirements. Unlike photon-counting
detector arrays, microbolometer arrays gauge alterations in
electrical resistance resulted from the radiation emission of
an object [3]. Each microbolometer in the array is heated by
the thermal radiation to a temperature that is reliant on the
scene, resulting in each microbolometer having a marginally
different temperature based on the observed scene and the
incident angle of the radiation. The incident radiation causes
a miniscule change in the resistance of the microbolometer.
The temperature of the scene is reflected by the variation in
resistance of each microbolometer. The infinitesimal changes
in resistance detected by each microbolometer are used to
create an image that corresponds to the temperature of the
observed scene.

Although microbolometer arrays are a useful tool for ther-
mal imaging, they have significant limitations. Space-variant
nonuniformity and noise from various sources affect the ac-
curacy of these arrays. The nonuniformity drifts due to the
change in ambient temperature, which causes unpredictable
errors in the sensor readings.

The lack of a cold shield in the uncooled camera is a promi-
nent cause of nonuniformity [4]. This self-radiation effect is
attributable to the housing and lens of the camera, which emit
thermal radiation onto the sensor. The self-radiation varies
according to the ambient temperature of the camera.

Fixed-pattern noise (FPN) is an additional factor that con-
tributes to nonuniformity in microbolometer arrays. The read-
out circuitry of these arrays is typically line-based, like charge
coupled devices. Even minor differences between line-readers
on the same array can result in significant variation between
lines in the resulting image [5].
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Fig. 2. Simulation of consecutive frames taken during a drone flight from
an IR camera. The frames sampled on the left image are marked by colored
rectangles. The effects of the spatially variant non uniformity is seen in the
frames on the right. The cross on the road appears in different location
throughout the frames and is affected differently by the spatially variant
nonuniformity.

Noises in the camera has the effect of increasing noise
equivalent differential temperature (NEDT), which refers to
the minimum detectable change in scene temperature [5]. The
NEDT is a measure of the sensitivity of the camera. The
higher the NEDT, the less sensitive the camera is to changes
in temperature.

An image of a uniform heat source (blackbody) is shown
in Fig. 3. The spatially-variant nonuniformity is demonstrated
by the radial patterns in the gray levels of the left subfigure.
The subfigure on the right plots the gray levels along the blue
dashed line, showing the impact of the nonuniformity and the
noise on the gray levels.

A widely used application of IR imaging is remote sensing.
Remote sensing is the process of acquiring information about
an object without making physical contact with it. The in-
formation is acquired by measuring the reflected or emitted
radiation from the object. The information is then used to
deduce the physical properties of the object. Remote sensing
is used in a variety of fields (e.g, agriculture, geology, and
meteorology).

One common use-case for IR camera is to be mounted
on drones. This setup results in high overlap between frames
(Sec. V-A). The redundant information can be used to simul-
taneously improve the accuracy of the temperature estimation
and correct nonuniformity in the frames. Fig. 2 illustrates how
redundant information between frames is beneficial. The object
is affected differently by the nonuniformity at each frame,
which means that the true underlying temperature of the object
can be extracted.

The aim of this study is twofold: exploiting the redundancy
in data and the physical model of the camera to develop a
method of estimating scene temperatures using a low-cost
IR camera based on microbolometers, and to correct for
nonuniformity in the frames.

II. RELATED WORK

Estimating the temperature can be broadly divided into two
parts - transforming the output of the camera to temperatures,
and correcting nonuniformity in the sensor. Finding a transfor-
mation between camera output to temperature is called thermal
calibration. Correcting the nonuniformity in the sensor is
called nonuniformity correction (NUC).
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Fig. 3. Example of the nonuniformity in low-cost IR cameras. On the left is
an image of a 30◦ blackbody with ambient temperature of 44.7◦, and on the
right are the intensities along the blue dashed line.

A. Thermal calibration

The raw output of the IR camera is dependent on the object
temperature, and the output values themselves are given in
gray levels. For example, the gray levels dynamic range in the
Tau2 is 14bit. The classic approach is to calibrate the camera
for different ambient temperatures [6].

A large dataset that has pairs of object and ambient tempera-
tures must be collected for calibration. The gain and offset are
calculated from the data per-pixel to attune for the spatially-
variant nonuniformity. Thus, the calibration process usually
requires considerable time and resources.

Schulz et al. [6] used a single-point correction. Meaning
that a single ambient temperature is used, a constant gain is
assumed and only the offset is found. Riou et al. [5] suggested
a two-point correction that requires two ambient temperatures,
but solved for both gain and offset, and it is widely used
across industrial IR cameras today. Both methods used a linear
regression to extract the gain and offset coefficients. Nugent
et al. [7] modeled the gain and offset as polynomial in the
temperature of the object and used least-squares to extract the
coefficients. Contemporary works adds prior knowledge into
the calibration process. Liang et al. [8] found the gain and
offset for a given temperature and interpolated the results for
other ambient temperatures, Chang and Li [9] incorporated
the integration time of each frame as prior knowledge to the
calibration.

The calibration data must be collected for each camera
separately, because each camera is slightly different due to the
manufacturing process. This requires scientific-grade equip-
ment, making the calibration process infeasible for most users.

B. Nonuniformity correction

As said in Sec. I, the frames of the IR camera suffer from
spatially variant nonuniformity. The nonuniformity can be
corrected for a single frame, or by combining information from
multiple frames (known as scene-based).

1) Single frame: A given image contains information that
can be exploited for different tasks. Information such as low
frequencies [10], recurring patches in the image [11] or the
statistical distribution of patches in the image [12]. Some
works used a single image to correct the nonuniformity.

Scribner et al. [13] used a NN to find the offset and gain
by alternating optimization and gradient descent. Tendero and

https://www.flir.com/products/tau-2/


3

Gilles [14] used histogram equalization across the columns in a
frame, and then applied a discrete cosine transform to denoise
the frame. Cao et al. [15] relied on spatial dependence between
adjunct pixels to estimate both the ambient temperature and the
correction. Zhao et al. [16] solved an optimization problem,
with a constraint on the directional gradients of each frame.

Recent works apply deep learning (DL) methods for single-
image NUC. Jian et al. [17] learned the nonuniformity pat-
tern from the filtered high-frequencies of the frames. He et
al. [18] trained a CNN that outputs a corrected image end to
end. Chang et al. [19] constructed a multi-scale network to
reconstruct a corrected frame. Saragadam et al. [20] solved
an optimization problem with a NN as a prior, and a physical
model as a constraint. Oz et al. [21] modeled the nonuni-
formity and trained a network based on the physics of the
acquisition model.

Single image methods require only a single frame so they
are easier to apply, but their performance are degraded as
opposed to scene-based methods.

2) Scene based: Scene-based works rely on the assumption
that the change in ambient temperature is slower than the
frame rate, thus the gain and offset are constant between
consecutive frames.

Harris and Chiang [22] calculated a shift and normalization
terms per-pixel and updated these terms recursively when new
frames arrive. Hardie et al. [23] registered the frames with
another method and then averaged the results per-pixel. Vera
and Torres [24] improved the NN suggested by Scribner et
al. [13] with an adaptive learning rate and a different loss
function that accounts for multiframe information. Averbuch
et al. [25] reformulated the NUC problem into a Kalman filter.
Zuo et al. [26] estimated the irradiance per-pixel between two
frames. Papini et al. [27] approximated the gain and offset
from multiple pairs of blurred and sharp images.

The common characteristic between these previous works
is that an update step must be performed when new frames
arrived, before the correction step. The combined update and
correction steps are computationally intensive and pose a
constraint on the run-time of the system.

A method based on neural networks to simultaneously
estimate the scene temperature and correct the nonuniformity
using multiframes information has not been achieved yet.

The study builds on the image acquisition model, which
describes the relationship between the observed scene and the
output of the camera (Sec. III-A). By leveraging redundant
information across multiple frames and ambient temperature
data, the study develops a kernel estimation network (KPN)
that uses DL techniques to estimate the temperature of each
pixel (Sec. IV-A).

The efficacy of the method is demonstrated through tests
on real measurements obtained using an uncooled IR camera
with those from a scientific radiometric camera. These tests
illustrate the ability of the method to correct for nonuniformity
and estimate temperatures accurately across different cameras
(Sec. V-A).

Our main contributions are: (i) we exploit the redundant
information between frames to simultaneously estimate the
scene temperature and correct the nonuniformity using a deep

neural network; (ii) we impose the physical model of the
camera as a constraint on the network to enhance the tem-
perature estimation accuracy; (iii) we incorporate the ambient
temperature data as an additional input to the network to fur-
ther improve the accuracy of the temperature estimation; and
(iv) we demonstrate the advantages of using multiple frames
over single-frame methods through extensive experiments on
synthetic and real data.

III. BACKGROUND

We develop the physical image acquisition model of the IR
camera in Sec. III-A, and then expand it to multiple frames in
Sec. III-B.

A. Image acquisition

A blackbody is an ideal Lambertian surface that emits the
maximal radiation at any given wavelength. The spectral
density of radiation emitted from a blackbody is described
by Planck’s law [4]:

Mλ(T ) =
2πhc2

λ5

1

exp( hc
λkT )− 1

[W · sr−1 ·m−3] (1)

where T is the temperature of the blackbody in Kelvin, λ is the
radiation wavelength, h is Planck’s constant, k the Boltzmann
constant and c the speed of light.

The power emitted over the entire bandwidth is found using
Stefan-Boltzmann law [4]:

M(T ) =

∫ ∞

0

Mλ(T )dλ = σ · T 4 [W · sr−1 ·m−2] (2)

where σ is the Stefan-Boltzmann constant.
The equations above holds for an ideal blackbody. Real

objects can never emit the maximal radiation for a given
wavelength due to physical constraints (e.g., material, viewing
angle). The ratio between the ideal emission and the practical
emission of an object is called emissivity. Thus, the Stefan-
Boltzmann law for radiance power of practical objects is:

M(T ) = σ · ϵ · T 4 [W · sr−1 ·m−2] (3)

where ϵ is the emissivity.
Estimating the incident power by an object on a mi-

crobolometer is done by integrating over the physical dimen-
sions of the system on Eq. (3). The incident power on the
microbolometer can be written as [4]:

ϕ(T ) = γ · σ · ϵ · T 4 [W ] (4)

where γ is a coefficient that accounts for the dimensions of
the object and field of view of the camera.

The intensities of the pixels in radiometric IR cameras (i.e.
gray levels) are linearly proportional to the incident power
on the microbolometer. To model the intensities, we consider
a small environment near a reference temperature T0 and
expand the Stefan-Boltzmann law in Eq. (4) by Taylor series.
In Kelvin, the temperature of the object can be considered
a small perturbation around a reference temperature, because
the reference temperature is usually hundreds of Kelvin, while
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∆T is usually tens of Kelvin. The Taylor expansion of Eq. (4)
is:

I(tobj ) = γϵσT 4 = γϵσ(∆T + T0)
4

≈ 4γϵσT 3
0∆T + γϵσT 4

0

≈ g · tobj + d

(5)

where I(tobj ) is the gray level output of the IR camera, g =
4γϵσT 3

0 , d = γϵσT 4
0 are the gain and offset coefficients. Using

the relation between Kelvin and Celsius, we denote tobj ≡
T − 273.15 in ◦C.

Eq. (5) shows that the radiation is linear in scene tempera-
ture in the small environment near T0, with the term g depen-
dent on the object temperature, and the term d independent of
the object temperature.

The incident power ϕ(tobj ) in Eq. (4) changes the tem-
perature of the microbolometer by a small fraction. The
change in temperature also changes the electrical resistance
of the microbolometer [28]. By applying a constant electrical
current on the microbolometer and using Ohm-like law, a
mapping between the incident power and the voltage of the
microbolometer can be derived [4]. In a low-cost uncooled IR
camera, the resistance of the microbolometer changes with the
ambient temperature.

To account for the effects of the ambient temperature on
the resistance of the microbolometer, the gain and offset of
the IR camera are modelled as a function of the ambient
temperature [7]:

I(tobj , tamb) = g(tamb) · tobj + d(tamb) (6)

For a given ambient temperature, the gray levels of pixel
[u, v] can be written as:

I(tobj )[u, v] = g[u, v] · tobj [u, v] + d[u, v] (7)

The gain and offset are two dimensional (2D), and together
they model the space-variant nonuniformity.

The signal-to-noise ratio of uncooled IR cameras is often
low due to noises, with the most dominant noises being
1
f and electronic (Johnson) noise [28, Chapter 5]. The 1

f
noise is more dominant because the camera operates at a low
frequency. 1

f noise can be modelled as Gaussian [29] with
zero mean.

B. Multiframes

Consecutive frames over a brief period of time have an overlap
between them (an example of a real UAV pattern with over-
lapping frames can be seen in Sec. V-A). These consecutive
frames are called a burst. The overlap between frames implies
that the same object appears in multiple frames. As seen in
Eq. (5), the gain and offset are dependent on the pixel location
on the sensor, thus different views of the same object can be
exploited as redundant information. The redundant information
between frames is demonstrated in Fig. 2.

To exploit the redundant information, first an object must
have the same coordinates across all frames. To achieve
coordinate alignment registration is performed.

Image registration is the process of aligning two or more
images of the same scene taken from different viewpoints or

at different times [30]. Transforming a source frame toward
the coordinate system of another destination frame is called a
projective transformation, or an homography [31, Chapter 0].
An homography transformation preserves co-linearity between
the frames. Moreover, an homography is invertible and linear
by definition [31, Def. 2.9]. In layman terms, the homography
preserves the shapes and relations between objects.

After applying the homography on the source frame, an
object should have the same coordinates in both the source
and destination frames. The transformed source frame is called
a warped frame. Expanding to N frames, there exists a set
of projective transformations m1, . . . ,mN towards a common
plane such that the overlap between the frames is maximal [31,
Ch. 4]. Objects that appear in the overlapping area will have
the same coordinates in every warped frame. For our practical
use, we choose a pivot frame for each burst of frames and
annotate the pivot frame as I.

An underlying assumption throughout this work is that the
gain and offset in Eq. (7) are constant for a series of frames
taken over a short duration of time (a second). This assumption
holds because the ambient temperature of the camera changes
at a much slower rate (several minutes).

Let X be the fourth power of an accurate 2D temperature
map, and I1, . . . , IN be a set of N frames of X captured by
the IR camera. Ii is in gray levels. Ixi,yi

i is the value of the
pixel in the [xi, yi] location of Ii. [u, v] are the coordinates of
I the pivot frame. The frames in the burst can be formulated
as:

Ix1,y1

1 = gx1,y1(tamb) ·m−1
1 (Xu,v) + dx1,y1(tamb)
...

IxN ,yN

N = gxN ,yN (tamb) ·m−1
N (Xu,v) + dxN ,yN (tamb)

(8)

where m1, . . . ,mN are the set of homographies that trans-
forms each frame into I the pivot frame. The zero-mean noise
N was omitted for brevity.

Eq. (8) formulates the acquisition process of a frame as
projecting the temperature map X using an inverse of the
homography mi, and than sampling the projected X by
applying the gain g, offset d and noise N . Notice that an object
will be sampled at different coordinates for each frame, and
since the gain and offset are spatially-variant the object will
have different gain and offset for each frame.

The result in Eq. (8) means that an object appearing in
pixel [u, v] of the temperature map X will have multiple
representation with different values of g, d and N , enabling
the use of redundant information between the frames.

Redundant information between frames was used for many
image restoration tasks such as super-resolution [32], [33],
denoising [34] and debluring [35]. Many recent works in the
area use DL for either the alignment [36], the fusion between
frames [37], or both [38], [39], [40].

IV. TEMPERATURE ESTIMATION

The proposed method simultaneously estimates the scene
temperature and corrects nonuniformity from a burst of con-
secutive frames.

An overview of the method is presented in Fig. 1. The
IR camera captures overlapping gray-level frames. A burst of
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Fig. 4. Schematics of the model. The gray-level multiframes are fed into the
kernel prediction network (KPN), and the KPN outputs the per-pixel kernels
for each frame. Each frame is divided to overlapping patches with the same
support as the kernels. The patches and the kernels are multiplied element-
wise and each product is summed, resulting in a 2D gain map for each frame.
All the 2D gain maps are summed depth-wise, resulting in a single 2D map.
The offset, a single scalar value, is added to the single 2D map to get the
estimated temperature map. A detailed description of the network architecture
and an enlarged figure of the network Fig. 32 is in the supplementary material.

Fig. 5. Example of kernels estimated by the network, each kernel for a
different frame in the burst. The dimensions of the kernels in the figure are
9×9 and they are predicted for the center pixel of 7 consecutive frames. The
middle kernel is from the reference frame. Red has a higher magnitude, and
blue has a lower magnitude.

consecutive gray-level frames are registered towards I, the
pivot frame that has the maximal overlap to all other frames.
The registered gray-level frames are the input to the network,
along with the ambient temperature. The output of the network
is a 2D map of the estimated scene temperatures.

A. Network

In Eq. (8) we show that different views of the same object have
usable redundant information. To exploit the redundancy, these
different perspectives require accurately mapping the frames
to I the pivot frame.

Naı̈vely, a temperature map X̂ can be estimated from Eq. (8)
by:

X̂u,v
naive =

1

N

N∑
i=1

[
1

gu−xi,v−yi
Ĩu,vi − du−xi,v−yi

gu−xi,v−yi

]
−→

X̂u,v
naive =

1

N

N∑
i=1

[
Gu−xi,v−yi Ĩu,vi +Du−xi,v−yi

] (9)

for 2D coefficient maps G and D.
The naı̈ve approach requires exact registration between

frames. The information must be located on the exact same
coordinates across all frames. Inaccurate registration leads to
artifacts or ghosting, as well as inexact temperature estimation.
Even with a robust registration framework there is always
some degree of misalignment between frames, so the naı̈ve
approach is unsuitable for practical use.
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Fig. 6. The difference between the true temperatures and the offset block’s
estimate from Eq. (10), for different average input gray levels.

The method for temperature estimation proposed in this
work is robust to misalignment between frames. The frames
are registered towards I using any off-the-shelf registration
method, then fed into a neural network that predicts a kernel
for each pixel in every frame of the burst. The kernels are then
applied on overlapping patches around each pixel by an inner
product between the patch and kernel. Our method is based on
kernel prediction networks (KPN) proposed by De Brabandere
et al. [41]. Fig. 5 shows kernels predicted by the network.
The kernels compensate for misalignment between frames by
spatially shifting their center to compensate for shifts.

The architecture of the temperature estimation network is
based on UNET [42], with the kernel prediction block attached
to the rear end of the decoder. The kernel prediction block is
composed of three 1 × 1 convolution layers with activations,
and is described in Table II at the supplementary material. The
entire network architecture is detailed in the supplementary
material.

Although the KPN corrects nonuniformity, its temperature
estimation is inaccurate. To improve the temperature esti-
mation to match radiometric cameras, we used the ambient
temperature as prior information to calibrate the output of the
network. The offset between the gray level frames and the
temperatures was modeled as a polynomial of the mean of the
gray level frames and the ambient temperature:

d̃
(
Ĩ , tamb

)
=

1

N

N∑
n=1

 ν∑
i,j=0

δi,j · Mean
(
Ĩn

)i

· tjamb

 (10)

for d̃n the offset for frame n, Mean
(
Ĩn

)
the spatial mean of

the grey-level n’th frame, tamb the ambient temperature, δi,j
the coefficients of the polynomial, and ν the degree of the
polynomial.

The offset block was implemented by a fully connected
layer that was jointly trained with the network. We found that
a polynomial of degree ν = 4 offers sufficient improvement in
the accuracy of the temperature estimation, and that training
the offset block separately from the network does not offer
significant improvement. Fig. 6 shows the results of the offset
block. The error between the temperature estimation of the
offset block and the GT temperature is shown. The error is sub-
degree Celsius, and the offset is accurate enough to calibrate
the output of the network.
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The following equation describes the temperature estimation
by applying KPN to the image acquisition model. To combine
the information from multiple frames, the gain term in Eq. (8)
is generalized as KPN, and the information from all frames
are used. The kernels applied to each pixel handles the
nonuniformity and noise, while the offset term in Eq. (10)
handles the thermal calibration:

X̂p =

N∑
n=1

〈
Kp

n, S
p
(
Ĩpn

)〉
+ d̃

(
Ĩ , tamb

)
(11)

for N the number of frames in a burst, K the kernel of size
K × K, and S(·) a function that samples a K × K patch
around a pixel p in the support of the frames.

A scheme of the model is shown in Fig. 4. The registered
burst of frames is fed into the network, which outputs a kernel
for each pixel in each frame. These kernels serve as the gain
in Eq. (11). The registered frames are also fed to the offset
block along with the ambient temperature, which outputs the
offset term in Eq. (11). The gain is applied to the frames
and the results are depth-wise summed. The scene temperature
estimation is obtained by adding the offset term to the result
of the depth-wise summation.

B. Loss functions

The loss is comprised of a fidelity term, a gradient smoothness
term and a structural term:

The structural term LSSIM maximizes the commonly-
used structural similarity metric (SSIM). SSIM loss improves
results in image-restoration tasks [43].

The fidelity and gradient terms are similar to Mildenhall et
al. [44], with the exception that the L1 loss is used instead
of the L2, because L1 was shown to be more robust to
outliers [45]. The loss function is formulated as:

L =
∣∣∣∣∣∣M(X̂)−M(X)

∣∣∣∣∣∣
1
+

λ1

∣∣∣∣∣∣M(∇X̂)−M(∇X)
∣∣∣∣∣∣
1
+

λ2 · LSSIM(M(X̂),M(X))

(12)

for X̂ the temperature estimated by the network, X the GT
temperature, M a mask of valid pixels in the registration
process, λ1, λ2 hyperparameters to balance to losses and ∇
the magnitude of the Sobel operators. The mask is produced
by the registration algorithm.

The final values of the hyperparameters were set to λ1 = 0.1
and λ2 = 0.01.

C. Synthetic data

The network was trained with synthetic data in a supervised
manner. The inputs to the network were created from accurate
2D temperature maps collected using a scientific-grade IR
camera (A655sc). A degradation model of a low-cost IR cam-
era (Tau2) was applied to the temperature maps, transforming
them to grey-level frames. As a result, the network trained on
transforming gray-level frames to accurate temperature maps.

The goal of the degradation model was to faithfully trans-
form temperature maps into gray level maps, allowing the

supervised training process of the network. The modeling
process had three stages. First, collecting data with the IR
camera in a controlled environment. The second stage was
to find per-pixel coefficients using the image acquisition
model in Sec. III-A. The last stage was to use adjunct pixel
dependencies as a constraint on the degradation model.

The degradation model required frames of objects with
known temperature by a Tau2 in different ambient temper-
atures. To collect this data, a Tau2 was placed inside an
environmental chamber in front of a scientific-grade blackbody
(SR-800N). The blackbody and environmental chamber were
cycled to different pairs of (tamb , tobj ), and frames were
acquired at the different permutations. Fig. 3 is an example
from the collected data.

The Tau2 was modeled by the image acquisition model
in Eq. (6). The calibration was done according to Nugent et
al. [7], by using a third-degree polynomial to approximate the
coefficients g, d. For each pixel in the sensor, Eq. (6) can be
formulated as:

Ip(tobj , tamb) =

3∑
i=0

(
gi,p · tiamb · tobj 4p + di,p · tiamb

)
(13)

for gi,p, di,p the i’th gain and offset coefficients at pixel p,
respectively. Eq. (13) can be rewritten as matrix multiplication:

Tn
p = [t4obj n . . . t4obj nt

3
ambn 1 . . . t3ambn]

Cp = [g0,p . . . g3,p d0,p . . . d3,p]
T

IN,p ≡ TN,p · Cp

(14)

for Tn
p that contains the appropriate temperatures of the n’th

sample of a permutation, and TN,p a matrix with all the tem-
peratures corresponding to all the samples of the permutation
as rows, and IN,p is a matrix with all the acquired samples
as rows. Eq. (14) is solved using least-squares to find the
coefficients:

Cp = T †
N,p · IN,p (15)

for T †
N,p the Moore-Penrose pseudo-inverse.

Stacking all the 2D coefficient maps Cp into a 3D tensor
C, with C[0] being the 2D map of coefficient g0 etc.

The degradation model described in Eq. (15) is per-pixel,
thus unique to each camera. Meaning that nonuniformity will
also be modeled by the coefficients (e.g., dead pixels, fixed-
pattern noise). This realization limits the usability of the
degradation model only for the specific camera that collected
the data.

To enable the degradation model to generalize for different
cameras, the final stage in the degradation model exploits the
circular symmetry of the nonuniformity and uses the depen-
dency between neighboring pixels to enable the degradation
model to generalize for other cameras.

Nonuniformity has a circular symmetry around the middle
of the frame [4]. This is due to the ambient temperature of the
camera, generating radiation from the chassis and lens, which
is also reflected onto the sensor. Rays of thermal radiation
from the body of the camera travels to the sensor and affect
each pixel differently. The superposition of these rays on each
pixel creates the circular symmetry of the nonuniformity. An
example of the circular symmetry can be seen in Fig. 3.

https://www.flir.com/products/a655sc/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/tau-2/
https://www.ci-systems.com/sr-800n-superior-accuracy-blackbody
https://www.flir.com/products/tau-2/
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The spatial dependency was modeled as a radial map around
the middle of the frame. The radial map was constructed from
two mesh-grids H,W with dimensions the same as the frames.
Each row of H and each line in W runs from −0.5 to 0.5,
such that H = WT . The radial map is defined as:

R =
√
H2 +W 2, H,W,R ∈ Rh,w

R =

√√√√√√
−0.5 . . . −0.5

...
. . .

...
0.5 . . . 0.5


2

+

−0.5 . . . 0.5
...

. . .
...

−0.5 . . . 0.5


2

(16)

for h,w the dimensions of the frames. The power of the matrix
is performed element-wise.

The coefficient maps are modeled as:

Ĉ[i] =

M∑
j=0

mi ·Rj , mi ∈ R, C,R ∈ Rh,w (17)

for mi the spatial coefficient, and M the number of spatial
coefficients. Least-squares is solved to find the spatial coeffi-
cients.

Estimating a frame from a given temperature map is per-
formed by:

Î(tobj , tamb) = T (tobj , tamb) · Ĉ (18)

for T (tobj , tamb) the temperatures vector in Eq. (14).
The final degradation model was noiseless and only con-

tained low frequencies. Random fixed pattern noise and Gaus-
sian noise were added to the model during training. This en-
abled the network to converge to a general solution, applicable
on different cameras with various degradation profiles.

D. Training procedure

The network was trained on a single Nvidia Titan A100.
The network was written in Python 3.10 [46] using Py-
torch 1.13 [47]. The seed was set to 42, and the CUDNN
backend was set to deterministic mode. The network was
trained using the ADAM optimizer [48] with a learning rate
of 10−4. The learning rate was halved on a validation loss
plateau of more than 3 epochs. The network was run for 60
epochs with batches of 16, meaning each epoch was roughly
800 iterations. Early stopping was applied for a validation
loss plateau of 8 epochs. The weights were initialized using
the orthogonal scheme [49] with a scaling of 10−1. The
hyperparameter search was ran twice with different seeds (42
and 24), and the best results were chosen.

Multiframes were simulated by randomly sampling homo-
graphies for each frame in the dataset, creating different views
of the same frame. The inverse homographies were used to
register all the views towards the original frame, which was
set as I the pivot frame. The sampled homographies either
created a random walk from one side of the temperature
map to the other side, or a hover above a random point
in the frame. The overlap between the different views were
randomly set between 60% to 80%, similar to a UAV flight
scenario, as seen in the scenario described in Fig. 11. The

homography and frame warping was implemented with the
package Kornia v0.67.

Imperfect registration was simulated by randomly adding
perturbations to the inverse homographies - random trans-
lation of up to ±2 pixels and noise from the distribution
N (0, 5 · 10−5) to the perspective elements of the homogra-
phy (commonly known as h31, h32). Random horizontal and
vertical flips, and 90◦ rotations were applied to the frames
before the homography sampling.

The gray level frames were cropped to 128 × 128 patches
before entering the network. For validation, a constant crop-
ping was applied around the middle of the frame, and no other
augmentations were applied.

Random Gaussian noise with σ2 = 5 gray levels and FPN
were generated for each frame (Sec. IV-E). FPN was generated
as: 1...

1


h×1

·

U [umin, umax]
...

U [umin, umax]


T

1×w

(19)

where U is uniform distribution. umin, umax were chosen as
umin = 0.9, umax = 1.01. The Gaussian noise and FPN were
only generated once for each frame and used throughout the
entire validation process. This was done for reproducible of
results between experiments.

Normalization to range [0,1] is applied to both the temper-
ature map and the gray level frame. Throughout the training
and validation sets, the maximal and minimal values of the
temperature maps and the maximal and minimal values of the
gray level frames were obtained. To apply the normalization
on the temperature maps:

X̄ =
X −Xmin

Xmax −Xmin
(20)

where X̄ is the normalized input and Xmin, Xmax are the
minimal and maximal temperatures over all datasets.
To apply the normalization for the gray level:

Ī(tamb) =
I(tamb)− Imin

Imax − Imin
(21)

where Ī is the normalized gray level frame and Imin, Imax are
the minimal and maximal gray levels over all datasets.

The following pipeline summarizes the creation of samples
for the network. First, an accurate temperature map is sampled
from the dataset. N homographies are randomly sampled and
applied to the temperature map to create an overlapping burst
of frames. The model described in Sec. IV-C is applied to
each frame in the burst to turn in to a gray level frame
(Eq. (18)). The same FPN is applied to all frames in the
burst (Eq. (19)), and random noise is applied to each frame
in the burst separately. Finally, normalization is applied to
the ambient temperature (Eq. (20)) and overlapping gray level
frames (Eq. (21)), and both are passed to the network.

E. Data

The dataset used for training consisted of 12, 897 frames,
while the validation set was composed of 4, 723 frames, all
of which were captured by an unmanned aerial vehicle (UAV)
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Fig. 7. MAE in ◦C as a function of the number of frames N for different
network configurations.

flying at a height of 70−100 meters above various agricultural
fields in Israel. Only clear and in-focus frames were selected
for the dataset manually by a human user.

The noise variance was established by analyzing the mea-
surements taken in the environmental chamber. All frames
were stacked depth-wise, and the variance of each pixel was
calculated, resulting in a 2D variance map. The mean of the
variance map was 5 gray levels, which was used as the noise
variance in the network training. The influence of tamb and
tobj on σ2 was determined to be insignificant.

To prevent data leakage between the training and validation
sets and evaluate the network’s ability to generalize to new
data, the validation sets were captured at the same locations as
the training sets but on different days. This validation approach
was maintained across all training schemes to ensure a fair
comparison between different experiments. The same split
between the training and validation datasets was maintained
throughout the study.

V. RESULTS

To show the efficacy of our method, we compared the mean
absolute error (MAE) of the temperature estimation with
different blocks of the network, namely with and without
the offset estimation block, and using an end-to-end (E2E)
network instead of the KPN architecture. The results are
displayed as a function of the number of frames N in
Fig. 7. While our method can handle misalignments between
frames, other methods require a perfect alignment, which is
impossible in real-world scenarios. As a results, comparing
temperature estimation with other methods is impossible, and
we can only compare NUC between our method and other
methods on the I pivot frame. Moreover, the other methods
are not radiometric, and thus cannot be used for temperature
estimation.

Fig. 7 demonstrates the superiority of our method, evident
by the low MAE for almost every number of frames. The E2E
was a UNET [42] architecture similar to our KPN network.
The main difference was that the last layer estimated the
per-pixel result instead of outputting the kernel. An hyper-
parameter search was also performed for the E2E solution
for fair comparison (number of channels and normalization).
The MAE of the E2E network in Fig. 7 is unaffected by the
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Fig. 8. Difference between our temperature estimation the GT. The left-most
figure is the GT. The next figures are the zoom-in of the area inside the red
rectangle. The nubmer of frames used for the estimation is bellow each map,
from left to right 7, 9 and 11 frames. The MAE between the GT and our
estimation is written on the top-left corner of each map.

number of frames, while the KPN results improve with the
number of frames, indicating that the E2E network only uses
the reference frame. Moreover, the MAE results for E2E were
worse than for the KPN network.

The offset block greatly improves the results with the
number of frames as seen in Fig. 7, with more than a 0.1◦C
improvement for KPN and more than 0.2◦C improvement
relative to E2E for N = 11, indicating that the offset block
is beneficial. The results suggest that increasing the number
of frames without the offset block reaches a plateau around
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(a) Sample (b) GT (c) Ours (d) ADMIRE [14] (e) DeepIR [20] (f) He [18]
Fig. 9. Zoomed-in results of different methods. The left-most figure is the reference frame with a red rectangle. The following figures are the results of the
area inside the red rectangle. N = 11 for all results.
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Fig. 10. Convergence of the validation MAE loss for different architectures - KPN with offset (a), without offset (b), and E2E (c). Each color represents a
different number of frames N .
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N = 5 and does not improve the results further, in contrast to
the offset block which continues to improve the results with
more frames. Since the offset block is lightweight, it offers
significant improvement with little computational cost.

The effect of the number of frames N is shown in Fig. 8.
The figure shows per-pixel error in temperature estimation for
different number of frames. The left-most figure (a) shows
the GT temperature map. The absolute difference per-pixel
between the GT and the estimation of our method for the
area inside the red rectangle is shown in the next figures (b),
(c), (d). Each figure shows the estimated temperature for a
different number of frames - (b) N = 7 frames, (c) N = 9
frames and (d) N = 11 frames. The color bar on the right of
each row shows the error range for the row in ◦C. The MAE
in ◦C between the GT and the estimation is written in the
top-left corner of each difference map. Each row is a different
frame. The improvement caused by the number of frames is
clear by the homogeneity in the difference map and the MAE
decreasing as a function of N . More examples are available
in the supplementary material on Figures 20 to 24.

Because other methods are not radiometric and essentially
only improve the appearance of a frame, we could only
compare NUC results with other methods. Fig. 9 displays
NUC results of different methods. The first column (a) shows
the reference sample frame. The second column (b) shows
the GT temperature map. The third column (c) shows the
results of our method. The fourth column (d) shows the results
of ADMIRE [14] performed on each frame separately and
than registered and averaged. The fifth column (e) shows the
estimation of DeepIR [20] and the sixth column (f) shows the
estimation of He et al. [18]. All results were obtained with
N = 11.

Our method NUC is better than other methods, as evident
in Fig. 9. ADMIRE [14] fails to rectify the FPN, DeepIR [20]
hallucinates details (e.g., the deformation in the junction on
the fourth row, or the abrupt black to white edge on the fifth
row). He et al. [18] fails to handle the FPN. Both DeepIR [20]
and He et al. [18] oversmoothes the results. These methods
have low fidelity, and thus are unable to serve for the purpose
of temperature estimation. More results are available in the
supplementary material on Figures 14 to 19.

Fig. 10 depicts the convergence of the validation MAE loss
of the E2E and the KPN with the offset block and the KPN
without the offset block, as a function of the number of frames.
Notice that the loss for the E2E networks convergence to
roughly the same value for all number of frames, while the
KPN-based networks achieve different results as a function of
the number of frames N . When comparing the convergence
with and without the offset block it seems that the offset
block has a smoothing effect on the validation loss. This effect
might happen because the KPN can concentrate on correcting
the NUC, while the offset block handles the temperature
estimation.

A. Real data

We validated the effectiveness of the proposed method on
real data. Two cameras, A655sc and Tau2, were attached to

a DJI Matrice 600 UAV and both captured the same scenes
in nadir view at a height of 50m above ground at a vertical
speed of 10m/s. The A655sc is a scientific-grade radiometric
camera which outputs a temperature map of the scene, while
the Tau2 outputs a gray level map corresponding to the
radiation flux. An image of the setup can be found in Fig. 31
of the supplementary material. Notice that the Tau2 used for
the experiment is not the one used to collect the calibration
data in Sec. IV, which further strengthens the generality and
robustness of the proposed method.

The frame rate for the Tau2 was set to 30Hz , the res-
olution of the Tau2 is 336 × 256, the focal length was
9.8mm and the sensor size is 4.4mm per 256 pixels (in the
direction of the flight). The ground sampling distance was
50·4.4
9.8·256 = 0.087m/pix. The drone passed 10

30 = 0.33m every
frame. This means that an object moved 0.33

0.087 = 3.80pix
between consecutive frames. Thus, an object could appear
in 256

3.80
∼= 67 frames. The A655sc field of view was much

larger than the Tau2 field of view, so a frame of the A655sc
contained multiple frames of the Tau2.

The A655sc requires accurate ambient parameters to pro-
duce a valid temperature map. The ambient temperature and
humidity were gathered from a nearby weather station (28.4◦C
and 32% respectively). The emissivity was tuned using an
accurate temperature sensor placed in the scene.

Both cameras were focused to infinity. The height of flight
at 50m above ground ensured that the difference in depth of
field due to objects was negligible. A655sc captured 1, 192
frames at 5Hz and the Tau2 captured 7, 152 frames at 30Hz .

The frames of the Tau2 were divided to overlapping
groups of 7 frames each. We used 7 frames due to hardware
limitations. The frames of each group were registered towards
the middle frame of the group. The registration was performed
by SIFT feature-matching using the Python package Kornia
V0.6.10. The registered frame groups were the input to the
network.

The output of the network was the estimated temperature
map of the scene. These estimated temperature maps were
registered to the A655sc temperature maps by hand-picking
correspondence points. The final registration was performed
using the Python package OpenCV V4.5.1. The GT and
estimated temperature maps are presented in Figures 25 to 30
in the supplementary material.

Six results are presented in Fig. 11 and four more are
presented in Fig. 13 in the supplementary material.

We present the difference maps between the estimated and
the GT temperature maps, produced by the proposed method,
in each subfigure. The GT maps are in gray, and the color
scale from blue to red is the magnitude of the difference, with
blue denoting low and red denoting high errors. The upper-left
corner of the upper image displays the MAE of the difference
map as a white number.

The MAE values span 0.27◦C − 0.54◦C, indicating a
high accuracy of temperature estimation comparable to the
A655sc precision of (∼ 0.5◦C). This was obtained without
applying any thermographic corrections or NUC to the Tau2
data, relying solely on the radiation flux as gray levels. The

https://www.flir.com/products/a655sc/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/a655sc/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/a655sc/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/a655sc/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/a655sc/
https://www.flir.com/products/a655sc/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/tau-2/
https://www.flir.com/products/a655sc/
https://www.flir.com/products/a655sc/
https://www.flir.com/products/tau-2/
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Fig. 11. Various results on real data. The gray background is the GT temperature map and the colored map is the difference between the GT and estimated
temperature maps. The number on the top-left corner is the MAE between the estimated and GT temperature maps.
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Fig. 12. MAE of pixels as a cumulative function for real data. The y-axis is the percentage of pixels with MAE less than the value on the x-axis. The caption
of each subfigure is the corresponding figure in Fig. 11.

supplementary material provides the detailed configuration of
the Tau2.

The histogram of the MAE between the GT temperature
map and the estimated temperature map is shown in Fig. 12.
The dashed red lines indicate the 0.5◦C threshold. All three
examples shows that more than 80% of the pixels have MAE
less than 0.5◦C. This further solidifies the effectiveness of the
proposed method.

VI. CONCLUSION

We have presented a novel method for simultaneous tempera-
ture estimation and non uniformity correction in IR imaging,
based on a DL that incorporates the physical model of the
sensor. The method uses redundant information between mul-
tiple overlapping frames to infer the scene temperature and
correct non-uniformity, without requiring any calibration or
external reference. The method also exploits prior knowledge
of the camera ambient temperature, which is measured by a
built-in sensor, to improve the accuracy and robustness of the
estimation.

We have evaluated the performance of the method on
synthetic and real data and compared it with existing methods.
The results show that the method can achieve high accuracy
and low error, and can handle various scenarios, such as
changing ambient temperature, moving objects, and complex
backgrounds.

We showed that performance improve with the number
of frames, showing the benefits of exploiting the redundant
information between frames. The training process introduced
misalignments between frames, which were handled by the
method and did not affect the performance. The method can
also generalize well to different camera models and settings
and can be easily adapted to different applications. This was
demonstrated by real data collected with a different camera
mounted on a UAV. The MAE error with the real UAV data
were 0.27◦C − 0.54◦C, which is comparable to the accuracy
of scientific-grade cameras.

The method offers a simple and effective solution for
improving the quality and reliability of low-cost uncooled in-
frared imaging and can potentially enable new applications that
require accurate and consistent temperature measurements.
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APPENDIX

A schematic diagram of the whole network is given in Fig. 4
and enlarged in Fig. 32. Bellow is a detailed description of the
network architecture, from the UNET encoder-decoder part to
the kernel estimation block and the offset block.

First we describe the UNET encoder-decoder part. We use
a tensor with N channels of grey-level frames as the input to
the network. The input tensor undergoes a 3× 3 convolution
(conv) layer that encodes it from N channels to µ channels
without any activation function. The encoded features then
pass through the encoder and decoder parts of the network,
where the number of channels is multiplied by a factor of ξ
at each level. The encoder and decoder blocks consist of three
3×3 conv layers each. The first two layers in each block have
GeLU [50] and batch normalization (norm) [51], while the last
layer has neither activation nor norm. The last layer in each
block produces µ × ξi channels, where i is the level index.
The encoder block also applies an average pooling layer with
a ξ × ξ window and stride ξ to reduce the spatial resolution,
while the decoder block uses a pixel shuffle layer [52] with an
upsample factor of ξ to increase it. We concatenate the encoder
block output before pooling with the pixel shuffle output at
each level before feeding it to the decoder block. The encoder
and decoder block structures are shown in Table I.

After the last decoder block in the UNET, we add a kernel
estimation block that generates N × K × K channels using
three 1× 1 conv layers. The first two layers have GeLU, and
the last layer has no activation. The kernel estimation block
structure is shown in Table II. We reshape the output of this
block as kernels of size K × K for each frame. We then
sample a patch of size K × K around each pixel in each
frame and compute the inner product of the corresponding

kernel and patch, as in the first term of Eq. (11). We sum the
inner products from all the frames for each pixel.

To map the temperature estimation to the camera range,
we use an offset block that takes the means of all the input
gray level frames as input and outputs a single scalar. The
offset block is a fully-connected layer that acts as a polynomial
function of the input. The offset block is explained in more
detail in Sec. IV-A.

The final temperature estimation is obtained by adding the
offset scalar to the pixel-wise summation of the gain from the
kernel estimation block.

The scale factor for decoder and encoder blocks is ξ ≡ 2
and the number of channels is µ ≡ 64 throughout the work.
The number of levels was empirically set to 4.

Fig. 13 shows more results of the proposed method on real
data.

Figures 14 to 19 compares the results of the proposed
method to ADMIRE [14], DeepIR [20] and He [18] methods.
Figures 18 and 19 specifically show the hallucination effect of
DeepIR [20] method.

Figures 20 to 24 displays the absolute error per-pixel as
a function of number of frames, both in quantitatively and
qualitatively.

Figures 25 to 30 are the original images used for the real
data results in Fig. 11. On the left of each figure is the GT
temperature map acquired by the A655sc, and on the right is
the estimated temperature map by the proposed method. The
raw data cannot be displayed because it consists of 7 frames.

Fig. 31 shows the UAV used for the real data experiments.
Fig. 32 is an enlarged version of Fig. 4.
Table III specifies the parameters of Tau2 that were used

throughout all the experiments.

https://www.flir.com/products/a655sc/
https://www.flir.com/products/tau-2/
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TABLE I
ARCHITECTURE OF THE ENCODER AND DECODER BLOCKS.

Type BN [51] GeLU [50] Kernel Output
Conv2D

√ √
3 µ× h× w

Conv2D
√ √

3 µ× h× w
Conv2D × × 3 (ξ × µ)× h× w

TABLE II
ARCHITECTURE OF THE KERNEL PREDICTOR BLOCK.

Type GeLU [50] Kernel Output
Conv2D

√
1 µ× h× w

Conv2D
√

1 µ× h× w
Conv2D × 1 (N ×K2)× h× w

TABLE III
THE FLIR TAU2 SETTINGS AS DESCRIBED IN TAU2 QUARK SOFTWARE

IDD

Function State Function State
FFC Mode Auto FPS 4 (60Hz)
FFC Period 0 CMOS Depth 0 (14bit w/o AGC)

Isotherm 0 LVDS 0
DDE 0 LVDS Depth 0 (14bit)

T-Linear 0 XP 2 (14bit)
AGC Manual Brightness Bias 0

Contrast 0 Brightness 0
ACE 0 SSO 0
Gain High

https://www.flir.com/products/tau-2/
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0.5C

(a)

0.54C

(b)

0.54C

(c)

0.47C

(d)
Fig. 13. Various results on real data. The gray background is the GT temperature map and the colored map is the difference between the GT and estimated
temperature maps. The number on the top-left corner is the MAE between the estimated and GT temperature maps.
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(a) Sample (b) GT (c) Ours (d) ADMIRE [14] (e) DeepIR [20] (f) He [18]
Fig. 14. Zoomed-in results of different methods. The left-most figure is the reference frame with a red rectangle. The following figures are the results of the
area inside the red rectangle. N = 11 for all results.
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(a) Sample (b) GT (c) Ours (d) ADMIRE [14] (e) DeepIR [20] (f) He [18]
Fig. 15. Zoomed-in results of different methods. The left-most figure is the reference frame with a red rectangle. The following figures are the results of the
area inside the red rectangle. N = 11 for all results.
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(a) Sample (b) GT (c) Ours (d) ADMIRE [14] (e) DeepIR [20] (f) He [18]
Fig. 16. Zoomed-in results of different methods. The left-most figure is the reference frame with a red rectangle. The following figures are the results of the
area inside the red rectangle. N = 11 for all results.
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(a) Sample (b) GT (c) Ours (d) ADMIRE [14] (e) DeepIR [20] (f) He [18]
Fig. 17. Zoomed-in results of different methods. The left-most figure is the reference frame with a red rectangle. The following figures are the results of the
area inside the red rectangle. N = 11 for all results.
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(a) Sample (b) GT (c) Ours (d) ADMIRE [14] (e) DeepIR [20] (f) He [18]
Fig. 18. Zoomed-in results of different methods. The left-most figure is the reference frame with a red rectangle. The following figures are the results of the
area inside the red rectangle. N = 11 for all results. These results displays the hallucination effect of DeepIR [20] method.
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(a) Sample (b) GT (c) Ours (d) ADMIRE [14] (e) DeepIR [20] (f) He [18]
Fig. 19. Zoomed-in results of different methods. The left-most figure is the reference frame with a red rectangle. The following figures are the results of the
area inside the red rectangle. N = 11 for all results. These results displays the hallucination effect of DeepIR [20] method.
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Fig. 20. Difference between the temperature estimation with our method and the ground truth. The left-most figure is the ground truth. The following figures
are the zoom-in of the area inside the red rectangle. The number bellow the difference map is the number of frames used for the temperature estimation, from
left to right 7, 9 and 11 frames.
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Fig. 21. Difference between the temperature estimation with our method and the ground truth. The left-most figure is the ground truth. The following figures
are the zoom-in of the area inside the red rectangle. The number bellow the difference map is the number of frames used for the temperature estimation, from
left to right 7, 9 and 11 frames.
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Fig. 22. Difference between the temperature estimation with our method and the ground truth. The left-most figure is the ground truth. The following figures
are the zoom-in of the area inside the red rectangle. The number bellow the difference map is the number of frames used for the temperature estimation, from
left to right 7, 9 and 11 frames.
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Fig. 23. Difference between the temperature estimation with our method and the ground truth. The left-most figure is the ground truth. The following figures
are the zoom-in of the area inside the red rectangle. The number bellow the difference map is the number of frames used for the temperature estimation, from
left to right 7, 9 and 11 frames.



25

0.5

1.0

1.5

2.0

0.5

1.0

1.5

2.0

2.5

0.00

0.25

0.50

0.75

1.00

1.25

1.50

1.75

0.5

1.0

1.5

2.0

(a) GT (b) 7 (c) 9 (d) 11

0.25

0.50

0.75

1.00

1.25

1.50

(a) GT (b) 7 (c) 9 (d) 11

0.5

1.0

1.5

2.0

Fig. 24. Difference between the temperature estimation with our method and the ground truth. The left-most figure is the ground truth. The following figures
are the zoom-in of the area inside the red rectangle. The number bellow the difference map is the number of frames used for the temperature estimation, from
left to right 7, 9 and 11 frames.

(a) (b)
Fig. 25. Ground truth (left) and estimated (right) temperature maps for the result in Fig. 11 (a).
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(a) (b)
Fig. 26. Ground truth (left) and estimated (right) temperature maps for the result in Fig. 11 (b).

(a) (b)
Fig. 27. Ground truth (left) and estimated (right) temperature maps for the result in Fig. 11 (c).
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(a) (b)
Fig. 28. Ground truth (left) and estimated (right) temperature maps for the result in Fig. 11 (d).

(a) (b)
Fig. 29. Ground truth (left) and estimated (right) temperature maps for the result in Fig. 11 (e).
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(a) (b)
Fig. 30. Ground truth (left) and estimated (right) temperature maps for the result in Fig. 11 (f).

Fig. 31. UAV used for the collection of real data. A655sc is mounted on the left (marked A) and Tau2 is mounted on the right (marked B).

https://www.flir.com/products/a655sc/
https://www.flir.com/products/tau-2/
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Fig. 32. Schematics of the model. The gray-level multiframes are fed into the kernel prediction network (KPN), and the KPN outputs the per-pixel kernels
for each frame. Each frame is divided to overlapping patches with the same support as the kernels. The patches and the kernels are multiplied element-wise
and each product is summed, resulting in a 2D gain map for each frame. All the 2D gain maps are summed depth-wise, resulting in a single 2D map. The
offset, a single scalar value, is added to the single 2D map to get the estimated temperature map.
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