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A spatio-temporal video enhancement of a small-scale pool fire is performed to address the typically low spatial
resolution and frame rate of inexpensive infrared (IR) cameras. Improving image quality can increase the
applicability of low-cost thermal cameras for certain research tasks and analyses. The spatial resolution and
frame rate are doubled, from 310 x 250 pixels (px) to 620 x 500 px, and from 25 frames per second (fps) to 50
fps, as well as from 50 fps to 100 fps.

Spatial resolution enhancement is achieved using super-resolution methods based on deep learning, employing
several pre-trained models: Fast Super-Resolution CNN (FSRCNN), Efficient Sub-Pixel Convolutional Network
(ESPCN), Enhanced Deep Super-Resolution (EDSR), Laplacian Pyramid Super-Resolution Network (LapSRN), and
Real-ESRGAN. The footage consists of an n-heptane pool fire recorded using a mid-wave infrared (MWIR) FLIR
X6981 HS InSb camera. EDSR provides the best performance for both purely resized images and images subjected
to complex degradation. For temporal enhancement, a pre-trained frame interpolation model, FLAVR (Flow-
Agnostic Video Representation), is used. The resulting interpolated frames appear realistic and preserve the
overall flow direction and shape of the flame. The interpolated frames are compared with ground-truth data to

validate the accuracy of the temporal enhancement.

1. Introduction

With the increasing quality of thermal cameras, going from cameras
with a resolution of 320 x 240 px and a framerate of 30 fps, to cameras
with a resolution of 1280 x 1024 px and a framerate exceeding 1000 Hz,
such as the FLIR X6981 HS-InSb MWIR, novel types of use cases emerge
in research areas related to combustion, diagnostics, and fire safety
science and engineering.

In these applications, thermal cameras are used to obtain videos of
flames and combustion products, where various techniques can be
applied to obtain velocity fields. Clark et al. used thermal cameras on
wildland fires and subsequently used an algorithm to obtain a velocity
field of crown fires [1], and further improved by Clark and colleagues in

Refs. [2-4]. Based on the work from Clark et al., Zhou applied a similar
technique to obtain velocity fields from the pool fire [5], which was later
compared with measurements from Particle Image Velocimetry (PIV)
[6]. Inagaki and Schumacher used a thermal camera for boundary layer
flow, albeit not in a combustion context [7-10]. Blunck highlighted the
benefit of using thermal cameras for analysis of media with participating
flows, including determining velocity fields of pool fires. The technique
highlighted by Blunck does not require seeding, but this comes at the
expense of increased experimental uncertainty and reduced spatial
resolution [11]. Furthermore, due to the larger wavelengths of the
infrared (IR) light compared to visible light, IR cameras typically have a
reduced spatial resolution due to the complexity and costliness of the
sensors in IR cameras [12]. Similarly, they typically have less temporal
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resolution as well, due to a slower response time of the thermal de-
tectors, resulting in a lower framerate. While newer models of thermal
cameras can have a high spatial and temporal resolution, these cameras
remain costly, making software approaches to increase the resolution of
the camera a viable solution to this problem.

Increasing the spatial resolution of low-resolution images is a widely
studied research area, with recent advances focusing on machine
learning (ML) approaches [13]. Choi et al., e.g., applied convolutional
neural networks to enhance the resolution of thermal images for
improved object recognition of pedestrians among other objects [14].
Zoetgnande applied super-resolution for improved edge-detection on
thermal images [15], and others have done research on super-resolution
applied to thermal images from unmanned aerial vehicles [16-18].

Several models have been proposed for traditional image enhance-
ment, each introducing architectural innovations and balancing speed
and performance differently. FSRCNN (Fast Super-Resolution CNN) [19]
introduced one of the earliest efficient CNN-based pipelines for
single-image super-resolution. FSRCNN directly processes the
low-resolution image, thereby reducing the computational burden. The
network uses a sequence of feature extraction, shrinking, and mapping
layers, followed by a learned deconvolution layer for upscaling. This
end-to-end architecture allows for real-time inference on modest hard-
ware, although the limited depth reduces its ability to recover fine
structural details. ESPCN (Efficient Sub-Pixel CNN) [20] improved ef-
ficiency by introducing the sub-pixel convolution layer. Instead of
relying on deconvolution, the network predicts a set of feature maps that
are rearranged spatially to form a high-resolution output. This approach
eliminates checkerboard artefacts often associated with other simple
deconvolutions, reduces parameter count, and enables real-time per-
formance. While it is lightweight and fast, ESPCN generally produces
less sharp results compared to deeper residual architectures. EDSR
(Enhanced Deep Super-Resolution) [21] advanced accuracy by
increasing the network depth and width. Building on the ResNet (Re-
sidual Neural Network) architecture of learning residual mappings
through identity skip connection, EDSR removes batch normalisation
layers, which were found to introduce instability and unnecessary
overhead in super-resolution tasks. By relying on residual blocks
without normalisation, EDSR enables deeper and wider architectures,
achieving state-of-the-art results on benchmark datasets. The trade-off is
increased computational demand, making EDSR better suited to offline
or high-fidelity applications rather than real-time use. LapSRN (Lap-
lacian Pyramid Super-Resolution Network) [22] proposed a progressive,
multi-scale framework inspired by Laplacian pyramids. Instead of
reconstructing the target resolution in a single step, LapSRN predicts
residual images at successive scales and refines them hierarchically. This
coarse-to-fine strategy reduces training difficulty and improves
convergence, while yielding sharper edges and textures. Furthermore,
by producing intermediate results at multiple resolutions, LapSRN
supports applications requiring variable scaling factors. Finally,
Real-ESRGAN [23] represents a more recent development aimed at
addressing the limitations of models trained solely on synthetically
degraded data. Real-world low-quality images often contain complex
degradations, such as noise, compression artefacts, and motion blur,
which traditional models fail to generalise to. Real-ESRGAN extends the
ESRGAN framework by adopting a Residual-in-Residual Dense Block
generator and training with a realistic degradation pipeline. Coupled
with adversarial and perceptual losses, the model prioritises perceptual
realism and robustness, producing high-quality reconstructions from
heavily degraded inputs.

Furthermore, increasing the temporal resolution of thermal cameras
is of particular interest, since thermal cameras typically exhibit a
comparably low frame rate compared to digital cameras. Temporal
resolution can be increased through hardware upgrades or frame rate
upscaling using Video Frame Interpolation (VFI). VFI synthesises inter-
mediate frames to enhance the smoothness of the video, originally
focused on digital and artificially created images.
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Traditional VFI can struggle with brightness changes, large motions,
occlusions, and lighting shifts, leading to artefacts [24]. However, deep
learning advances have enabled more accurate synthetic frames [25,26].
VFI research specific to thermal cameras is sparse, with Han et al.
benchmarking an optical flow-based method for VFI on an IR video [27].
Extending VFI to thermal videos of flames could boost the temporal
resolution of thermal cameras in the research of flames, enabling better
capturing of turbulent flame structure and behaviour. Thermal videos of
flames exhibit phenomena that are difficult to capture and predict. VFI is
typically performed on RGB videos, relying on assumptions such as
stable textures, temporal coherence and constant brightness. In contrast,
thermal videos of dynamic phenomena, such as flames, exhibit low
texture, high noise, and highly non-rigid turbulent motion with evolving
structures. These characteristics can create difficulties for VFI of thermal
videos, as they violate common modelling assumptions.

These advances are tested on thermal videos of a heptane pool fire, in
the light of future research focusing on turbulent flame structures, ve-
locity estimation and sharpened visual observations.

Although recent work has demonstrated the feasibility of joint
spatio-temporal video super-resolution within a single end-to-end model
[28-30], this study adopts a modular approach by separating spatial
super-resolution and temporal interpolation. This allows each compo-
nent to be independently selected, evaluated, and replaced, making the
analysis clearer of their respective effects on thermal flame imagery and
enabling integration with different state-of-the-art models. This modu-
larity is advantageous given the limited availability of MWIR data and
the lack of established benchmarks for combined spatio-temporal
enhancement for thermal videos of flames.

This paper investigates various models for Single Frame Super Res-
olution and their suitability for enhancing thermal images, while con-
necting the methodology with video frame interpolation to obtain a
spatio-enhanced thermal video, increasing both the spatial and tempo-
ral resolution. This could then be used for improved tracking of turbu-
lent structures, performing high-resolution velocimetry measurements,
or for improved observational capabilities.

This work investigates, using a rigorously validated framework, the
feasibility and limitations of deep learning-based spatial and temporal
enhancement methods for thermal video data, so that thermal (IR) im-
aging can be exploited better than is done today when experiments or
fire tests are executed. This type of video footage can indeed be used to
reconstruct flow fields and flame boundaries (rather than provide ac-
curate temperature information in the gas phase). However, thermal
cameras often suffer from relatively low resolution. Hence, it is deemed
useful and important to (artificially) upgrade their spatial and temporal
resolution. As a test configuration, a well-controlled pool fire has been
selected, as this configuration has already been widely studied in the
past, and the physics, flow field, and flame shape have been well-
characterised [31]. The goal of the study is thus not to improve under-
standing or quantification of the phenomena involved, nor to argue that
thermal imaging would be advantageous over other techniques (such as
chemiluminescence). Rather, the objective is, starting from the given
fact that most fire laboratories are equipped with thermal cameras, to
demonstrate options to gain more information and insights from their
images than is done to date.

Section 2 describes the experimental setup and enhancement meth-
odology, Section 3 presents the results and discusses their implications
and limitations, and Section 4 concludes the paper.

2. Methodology
2.1. Image degradation model

Given a reference video obtained from a thermal camera (FLIR
X6981-HS InSb), image degradation is performed on the images to

emulate a realistic lower-quality image obtained from a camera of lower
quality, as is commonly done in the literature [19-23], with either
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simple rescaling or using a more complex degradation model, as shown
in the following. This is done to conclude if spatial enhancement can be
performed on these images to obtain a higher quality image compared to
the original one. The image data used in this study consist of grayscale
8-bit images. These images represent thermal intensity values and
contain no RGB colour information.

To create this degradation, a standard degradation model is used,
with the aim of synthesising a low-resolution image from a reference
image. The standard degradation models consist of multiple steps, where
a blur kernel is convolved on the image, after which the image is resized,
noise is added to the image, and a standard JPEG compression is applied
[32,33]:

x=D(y) = [(y @ k)T + 1] jp¢ (€]

In Eq. (1) x is the degraded image, D(y) is the degradation model applied
to the original image y, k is a blur kernel, r is a scaling factor, and n is
additive Gaussian noise.

The use of synthetic degradation enables paired evaluation with full-
reference image quality metrics, whereas validation using real low-
resolution sensors would necessitate no-reference assessment with
higher associated uncertainty. Moreover, the use of no-reference image
quality assessment remains limited in thermal imaging, particularly in
experimental fire science, due in part to the lack of structured datasets
and comprehensive validation studies [34].

To downsample (i.e., resize) the image, a linear interpolation algo-
rithm is used to resize the image, using a scaling factor of 0.5, corre-
sponding to a camera with a 310 x 250 px resolution. The blur
degradation is performed using a linear blur kernel. This is done using
anisotropic Gaussian filters, with a 5 x 5 blur kernel, corresponding to
moderate blur. Noise is included as additive Gaussian noise, where the
noise is sampled from a Gaussian distribution, and the intensity of the
noise is based on the standard deviation. Grey noise is synthesised by
applying the sampled noise on all three colour channels, with a standard
deviation of 2 of the pixel brightness values, corresponding to small
amounts of noise. Finally, JPEG compression is performed, which is a
commonly used technique for digital images, where an image quality
factor between 0 and 100 is defined: lower values indicate higher
compression ratios and reduced quality [35]. An image quality factor of
80 % is used in this study, corresponding to moderate compression. An
example of a degraded image is shown in Fig. 1, with a scaling factor of
0.5.

2.2. Spatial enhancement of images

Spatial enhancement of images can be achieved through both
traditional interpolation techniques and modern deep learning-based
approaches. Interpolation relies on predefined mathematical kernels
and typically produces overly smooth results, whereas convolutional
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neural networks learn data-driven mappings from low-to high-resolu-
tion images, enabling the reconstruction of high-frequency details and
textures.

In this work, several super-resolution models are evaluated using
publicly available pretrained weights, without retraining or fine-tuning.
FSRCNN [19] and ESPCN [20] are lightweight architectures designed
for computational efficiency. FSRCNN was trained on the Set5 dataset,
while ESPCN was trained on the higher-quality DIV2K dataset [36],
allowing it to learn richer spatial representations despite its relatively
shallow structure.

EDSR [21] and LapSRN [22] emphasise reconstruction fidelity over
speed. EDSR employs deep residual learning and was trained on DIV2K
[36], a large high-resolution dataset with diverse natural textures.
LapSRN adopts a multi-scale Laplacian pyramid framework and was
originally trained on the Set5 dataset, progressively refining image
resolution across scales.

Real-ESRGAN [23] is designed to be robust to real-world degrada-
tions rather than idealized downsampling. It was trained on a combi-
nation of DIV2K [36], Flickr2K [37], and the OutdoorSceneTraining
(OST) dataset [38] using degradation-aware pipelines that include
noise, blur, and compression artefacts, enabling perceptually convincing
reconstructions under challenging conditions.

Each of these models is applied to thermal images for a reference case
study to determine if these models can perform well on these types of
scenarios. All spatial and temporal enhancement computations were
performed on a Lenovo ThinkStation P3 workstation equipped with an
Intel Core i7-13700 CPU, 64 GB of system memory, and an NVIDIA
GeForce RTX GPU.

2.2.1. Metrics to compare spatial image quality

To objectively evaluate the effectiveness of each method, various
well-established full-reference image quality assessment (FR-IQA) met-
rics for image quality enhancement are defined. By effectiveness, it is
meant how well the models perform at enhancing an image that is
quantitatively similar to that of a ground truth image. These include
Peak-Signal-To-Noise Ratio (PSNR), Mean Squared Error (MSE), and the
computational time per frame [39]. PSNR determines the ratio between
the maximum power of an image and the power of noise in the image.
Therefore, a high value indicates a higher quality of image reconstruc-
tion. This is calculated as:

PSNR = 20 log,,(MAX;) — 10 log,,(MSE) 2
In Eq. (2) MAX; is the maximum pixel value of the image, and MSE is the

Mean Squared Error. The Mean Squared Error (MSE) for an image,
which is also used as a metric, is calculated as follows:

MSE= ke >3 fgnm) gt ®

Fig. 1. Image before and after performing image degradation. Left) Before (620 x 500 p). Right) After degradation (310 x 250 p).
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Here, M is the number of rows of pixels in the image, N is the number
of columns of pixels in the image, g(n,m) is the matrix data of the
original image, and g(n,m) is the matrix data of the enhanced image.

The computational time per frame is also used as a metric, since a
high number of images have to be enhanced for videos, meaning that
computational resources should be considered.

Each of the metrics are used as their implementation from the open-
source Python package Open Computer Vision Library (OpenCV) [40].
The mean of the metrics is defined for 100 distinct frames to determine
which of the models performs best.

2.2.2. Metrics to compare temporal image quality

The Feature Similarity Index (FSIM) [41] is used to assess the
perceptual quality of interpolated frames against ground truth data.
Unlike error-based measures such as PSNR, FSIM is designed around
features that align with the human visual system. Its primary compo-
nent, phase congruency, identifies perceptually important structures
such as edges, corners, and textures, which are important for evaluating
interpolation quality since motion discontinuities and structural
boundaries must be preserved. The secondary component, gradient
magnitude, captures local contrast and edge sharpness, making FSIM
sensitive to blurring artefacts that commonly arise in frame interpola-
tion. The final FSIM score reflects the similarity of structural and
textural information between the interpolated frame and the reference,
ranging from O to 1, with higher values indicating greater perceptual
fidelity. By emphasising the preservation of structural detail and
sharpness, FSIM provides a more meaningful assessment of interpolation
quality than purely pixel-level metrics.

2.3. Temporal enhancement of videos

A higher frame rate of flame structures allows for a better under-
standing of how the flame behaves and makes it easier to track turbulent
structures. To increase the frame rate artificially, a Deep-Learning
technique named FLAVR [26] is used, using a pre-trained model. The
pre-trained model is applied on a video of a heptane pool fire to obtain
increased temporal resolution, 2x in the present study. This method can
be used for fast-frame interpolation. FLAVR (Flow-Agnostic Video
Representations for Fast Frame Interpolation) [26] is a Deep-Learning
model designed for video frame interpolation, trying to address the
limitations of optical flow-based interpolation methods.

Traditional techniques rely on estimating pixel movements using
optical flow between frames, while FLAVR predicts intermediate frames
without flow computation, making it more robust to motion blur, hidden
objects in the scene, and complex scenes. The model is based on a 3D
convolutional neural network that processes multiple consecutive
frames simultaneously, learning spatio-temporal representations to
artificially create intermediate frames. By using multi-scale processing
and densely stacked residual blocks, FLAVR can capture short-range and
long-range motion dynamics. As reported by the original authors, the
model is trained using reconstruction-based loss functions combined
with perceptual loss terms and is trained until convergence on Vimeo-
90K [42]. This architecture allows the model to interpolate frames at
high speeds, making it suitable for real-time video applications. FLAVR
is trained using a combination of reconstruction loss and perceptual loss
to ensure pixel-level accuracy and perceptual quality of generated
frames. The method is flow-agnostic, meaning that it does not need
motion estimation to interpolate intermediate frames. This reduces
computational complexity and improves performance in complex sce-
narios, such as fast motion or deformable objects, such as flames.

Due to the high frame-rate of the footage obtained, using the MWIR
thermal camera, the video can be downsampled from a high frame-rate
(100 fps), to 25 and 50 fps, meaning that ground-truth data is available
for each of these downsampled frame-rates. This not only allows for a
qualitative evaluation to see if the interpolated frames exhibit temporal
coherence, but the interpolated frames can also be compared directly
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with the ground-truth data.
2.4. Case study — pool fire

To investigate the effectiveness of the techniques, a case study is
considered. It consists of an n-heptane (n-C;H;jg) pool fire in a square
steel container with a side length of 25 cm, 5 cm lip height and a
thickness of approximately 2 mm. Approximately 300 ml of heptane was
used, ignited by a pilot flame. The pool fire was recorded in ambient
conditions (ambient temperature 15 + 2 °C and relative humidity 40 +
10 %), with quiescent flow.

The combustion products for complete combustion of heptane are
CO4 and H,0, with CO, having a primary absorption band around 4.6
pm and HpO having a primary absorption band around 2.7 pm and
another strong absorption band at 6.3 pm [43].

A factory-calibrated MWIR camera, with a spectral range of 3 - 5 pm,
a thermal sensitivity of 20 mK and a temperature range between —20 °C
and 3000 °C, was used to capture high-speed thermal imaging of the
pool fires.

The camera was positioned at a fixed distance of 5.7 m from the pool
fire. The high-resolution camera, with a resolution of up to 640 x 512 p,
allowed fine-scale thermal mapping of the flame. The frame rate was
100 Hz to capture transient flame dynamics, which is then downsampled
for analysis. An example of a frame obtained from the heptane pool fire
is shown in Fig. 2.

It should be noted that the proposed approach operates on MWIR
image sequences without explicit separation of soot and gas-phase ra-
diation, and its current validation is limited to n-heptane flames.

2.5. Pool fire dynamics

A pool fire consists of three distinct regimes: the persistent flame, the
intermittent flame and the buoyant plume. Since a MWIR thermal
camera is used for obtaining a thermal video, both the radiation from the
flame and soot particles are visible, as well as the combustion gases in
the buoyant plume. For a pool fire of the present size, established cor-
relations can be used to estimate the characteristic flame behaviour.
Based on the pool fire diameter, D, and fuel type (n-heptane), the
average flame height can be estimated following Heskestad's correlation
for flame height of pool fires [44]. For the pool fire dimensions of 0.25 x
0.25 m, the expected average flame height is approximately 1.3 m,
which is consistent with what is visible in the recordings. The Zukoski
number [45] for the pool fire is determined to be 2.46. A second key
parameter is the puffing frequency, which sets the dominant timescale of
large-scale flame oscillations. Zukoski et al. showed that the puffing
frequency scales primarily with the fire diameter [45]. For the pool fire
used in this study, this yields an expected puffing frequency of 2.9 + 0.2
Hz. The puffing frequency provides an indication of the characteristic
time scale of the pool fire.

3. Results and discussion
3.1. Spatial enhancement of images

Examples of spatially enhanced images are shown in Fig. 3, where
the top-most image is the purely resized images, upscaled using each
super-resolution model, and a reference image. The bottom images are
images with degraded images using the aforementioned degradation
model, upscaled to 620 x 500 px. Both rows have a zoomed-in area to
highlight the performance of each model.

The enhancement techniques show a clear and realistic increase in
the resolution. While most of the methods perform comparably, Real-
ESRGAN smoothens the image and overestimates the pixel brightness
values, as shown by the zoomed-in area. As shown in Fig. 3f, the change
in pixel-value between the flame and ambient air is sudden, whereas for
the other techniques the change in pixel brightness is gradual. Capturing
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Resized

Degraded

Fig. 3. Purely resized images (top) and degraded images (bottom). a) Ground-truth reference image. b) FSRCNN. c¢) ESPCN. d) EDSR. e) LapSRN. f) Real-ESRGAN.

realistic temperature fields is important for temporal frame interpolation, as well as estimating velocity fields from the movement of

Table 1

Overview of performance for each image enhancement technique. The arrows (1, |) indicate the favorable value (high or low), with the best performing model
highlighted with bold text. *Normalised MSE by number of pixels.

Technique PSNR 1t [dB] MSE* | Computational time | [ms]

yr D(y) yr D(y) yr D(y)
FSRCNN 26.52 + 0.47 26.33 £ 0.48 0.146 + 0.16 0.152 £ 0.17 35.64 £ 1.72 37.08 £1.71
ESPCN 26.57 + 0.47 26.39 + 0.48 0.144 + 0.16 0.150 + 0.17 32.31 +£1.84 32.98 +1.87
EDSR 26.59 + 0.47 26.41 + 0.48 0.143 + 0.16 0.149 + 0.16 5707 + 154.79 5779.13 + 158.14
LapSRN 26.57 + 0.48 26.41 £ 0.48 0.144 £ 0.16 0.150 + 0.17 226.28 =+ 4.69 227.92 £ 6.56
Real-ESRGAN 25.71 + 0.47 25.45 + 0.46 0.175 + 0.19 0.186 + 0.20 8.46 + 0.98 8.48 + 1.04
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the flame and combustion gases, hence why Real-ESRGAN is deemed
ineffective in this use-case.

The spatial enhancement of the images is evaluated using the
methods and metrics described earlier. An overview of this is shown in
Table 1.

From Table 1, the difference between the various techniques be-
comes more evident. For each metric (PSNR, MSE, computational time),
the table is split into two columns: one related to applying the tech-
niques on images with the degradation model, and the other related to
pure resizing without blurring, random noise or JPEG compression
applied.

For the PSNR, it is favorable to have higher values, as this suggests
that less noise is present in the image, and therefore a higher image
quality. For the MSE, it is favorable to have lower values, suggesting
smaller absolute differences between two images. Finally, a lower
computational time is favorable, as this means it is faster to compute
each frame. The favorable outcome of the metrics is illustrated using
arrows in Table 1.

The metrics show that EDSR is the most computationally heavy
method to apply, as each frame takes significantly longer to compute.
However, it also performs the best with regards to PSNR and MSE.
However, ESPCN also performs well, while being significantly faster.
Therefore, ESPCN method could be used if many frames have to be
enhanced. While Real-ESRGAN was designed to perform well on images
with complex degradation, it performs worst overall. This is also in line
with the previous qualitative investigation, where it seems to over-
predict pixel brightness. For the pure resizing, the image quality pre-
dicted by PSNR and MSE is higher than the degraded images. However,
the PSNR and MSE are only slightly higher for the resized images
compared to the degraded images, meaning that the models perform
well even when the images have undergone complex image degradation.

3.2. Temporal enhancement of images

Besides comparing the interpolated frames with ground-truth data,
qualitative measures are also considered, such as temporal consistency.
This means that the interpolated frames should exhibit a ‘realistic’
progression in time for the flame structure and movement of the com-
bustion gases. As such, hot gases should not travel downwards for this
specific case, and the shape of the flame and combustion gases should be
retained for the interpolated frames, without hallucinating interpolation
artefacts. For ease of observation, contours are overlaid on the grey-scale
images, but no significant effort has gone into obtaining accurate tem-
perature measurements, as it is the techniques and methodology that are
important in this study, rather than accurate gas temperatures.

The result of the temporal enhancement is shown in Fig. 4, where
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subsequent images have been used to interpolate in-between frames
yielding a 2x temporal enhancement. With a frame rate of 25 fps, the
time between each image is 40 ms. The total time from start to end of
Fig. 4 is 200 ms. The temperature isotherms are highlighted with con-
tours to more easily evaluate the temporal coherence and small-scale
flame structures.

As shown in Fig. 4, the interpolated frames (highlighted with a red
box), show a realistic progression in time compared to adjacent frames.
The plume is travelling upwards with a distance that is between the
ground-truth frames, and no significant artefacts are visible in the
interpolated images, meaning that the fast-frame interpolation tech-
nique yields structures that follow a natural progression. Based on the
interpolation using a base frame-rate of 25 fps, the isotherms are less
detailed compared to the ground truth data, meaning that the temper-
ature fields of the interpolated frames are less sharp and blurry.

While the technique shows qualitatively accurate interpolation
during part of the puffing cycle, it is relevant to examine how the model
performs across successive oscillations. Fig. 5 illustrates a sequence of
frames following the cycle shown in Fig. 4, corresponding to the decay of
one puffing oscillation and the onset of the next. Even during this
transition, where large-scale structural changes in the flame and hot
combustion gases occur, the temporal interpolation reproduces the
motion without introducing qualitatively noticeable artefacts.

Overall, the temporal enhancement is successful in the case of a small
n-heptane pool fire. For fast-moving flames or other phenomena with a
small characteristic time scale, a higher frame rate would be needed for
the interpolation to be successful.

3.2.1. Validation of temperature fields for interpolated frames

To validate the interpolated frames, they are compared with the
ground truth data. The comparison is conducted quantitatively,
comparing the distributions and ability to capture small-scale phe-
nomena, as well as using the FSIM metrics. To do this, a video at 100 fps
is downsampled to two different frame rates: 25 fps and 50 fps, and then
upscaled to 50 fps and 100 fps using frame interpolation. The upscaled
videos contain both ground truth frames and interpolated frames, so
only the interpolated frames are compared with ground truth data. This
analysis is performed at two different time scales since the movement of
the flame will move a larger distance for low frame rates, making it
difficult to accurately interpolate sharp frames. Similarly, for higher
frame rates, the interpolation should be sharper. The interpolated
frames, and corresponding ground truth frames, from a video upscaled
from 25 fps to 50 fps is shown in Fig. 6.

As shown in the figure, the interpolated frames overall exhibit the
same temperature distributions as the corresponding ground truth
frames. However, the frames appear to be less sharp in detail, with

1200
1100

1000

Temperature [°C]

Fig. 4. Temporal interpolation within a puffing cycle of the pool fire. The frames enclosed in red boxes are interpolated results, generated between two adjacent
recorded frames. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 5. Temporal interpolation across the transition between two successive puffing cycles. The frames enclosed in red boxes are interpolated results, generated
between two adjacent recorded frames. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 6. Comparison between real frames (top) and interpolated frames (bottom). The interpolated frames are from a video at 25 fps, upscaled to 50 fps.

slightly averaged temperature fields, illustrated by the lower degree of
detail in the contours.

Furthermore, FSIM is calculated between all the interpolated frames
and the ground truth frames and shown at the top of the interpolated
frames. The interpolated frames obtain an average value for FSIM of
0.91 for all frames. As the range of the FSIM is 0 to 1, the fidelity for the
interpolated frames is close to that of the ground truth frames, but with
notable blurriness that lowers the score. Furthermore, significant

differences in the plume region can be seen in Fig. 6 for certain images,
which is attributed to the low initial frame rate and thus large distance
travelled in-between frames, making accurate frame interpolation
difficult for the model.

To evaluate how the averaging effect from fast-frame interpolation of
pool fires affects the interpolated frames on different time scales, a video
upscaled from 50 fps to 100 fps is investigated as well, and shown in
Fig. 7.
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Fig. 7. Comparison between ground truth frames (top) and interpolated frames (bottom). The interpolated frames are from a video at 50 fps, upscaled to 100 fps.

As shown in the figure, an initial frame rate of 50 fps works better for
fast-frame interpolation, as the temperature field is sharper, more
detailed and consistent with the ground truth data. Based on the frame
rate and puffing frequency, the fast-frame interpolation model performs
well when the frame rate is 20 times that of the puffing frequency of the
pool fire.

With an average FSIM of around 0.99 for all interpolated frames, it
performs notably better when using a frame rate of 50 fps and inter-
polating to 100 fps. This is compared to the FSIM of around 0.91 when
using a video of 25 fps and upscaling to 50 fps. At 0.99, the FSIM in-
dicates high-quality temporal interpolation, with less blur compared to
the video at 25 fps.

Based on the frames shown, temporal consistency is preserved, and
image-level fine details of small-scale flame features are captured within
the spatial and temporal sampling limits of the data, with the degree of
detail dependent on the video frame rate. As indicated by the FSIM, the
model, when used on a video upscaled from 50 fps to 100 fps, performs
notably better than when used on a video upscaled from 25 fps to 50 fps,
with an FSIM of 0.99 and 0.91, respectively.

To further validate the interpolated frames, a two-sample Kolmo-
gorov-Smirnov (KS) test was used to compare the pixel-intensity distri-
butions, testing the null hypothesis that the ground-truth and
interpolated samples are drawn from the same underlying distribution
[46]. The test consistently yields a small test statistic (D ~ 0.02).
However, when evaluated on large pixel counts, the p-value becomes
significant due to sample size, whereas subsampled tests fail to reject the
null hypothesis, indicating negligible practical differences between the
distributions.

3.2.2. Preservation of flow directionality

While the previous investigations showed temporal consistency and
consistency in the temperature distribution of individual pixel-values, it
is important to investigate if small-scale ‘jitter’ and bias occur on small

scales. To investigate this, the principle of optical flow is used, which is
used to determine pixel displacement between subsequent frames.

Optical flow can serve as a quantitative metric for assessing the
success of video frame interpolation, as it directly reflects the temporal
coherence of motion between consecutive frames. Farneback's optical
flow algorithm [47] is utilised, which is a polynomial expansion method
that approximates local neighbourhoods with quadratic polynomials to
estimate per-pixel displacement fields. Accurate interpolation should
yield intermediate frames whose motion field is consistent with that of
the ground-truth image sequence. Deviations between the optical flow
computed on interpolated sequences and that obtained from
ground-truth frames can thus be used to reveal temporal inconsistencies,
such as flickering, jitter, or hallucinated motion. A low discrepancy
between the optical flow determined from ground-truth data and
interpolated data indicates that the interpolated frame preserves both
the direction and magnitude of the underlying motion, while high dis-
crepancies suggest temporal artefacts or motion patterns that are
inconsistent with the observed physical evolution of the flame. In Fig. 8,
the flow field for interpolated frames is determined (bottom), as well as
the flow field for the corresponding ground truth frames (bottom).

The optical flow algorithm computed for both the ground truth data
at 100 fps, as well as on the video upscaled from 50 fps to 100 fps, shows
that the flow can be determined quantitatively on interpolated frames
and has high correspondence with ground truth optical flow. The optical
flow captures small-scale phenomena, such as disappearing flow struc-
tures and local velocities changing direction. Therefore, even when
examining the interpolated frames against ground truth data on pixel
level, they keep the directionality and magnitude of the optical flow.

The results of the analysis show that spatial and temporal resolution
can be enhanced, while retaining realism for both enhancements. While
spatial enhancement showed some improvement using the Deep-
Learning-based approach, the considerable computational time per
frame makes the approach expensive for long sequences of frames if
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Fig. 8. Comparison between computed optical flow for real frames (top) and interpolated frames (bottom) using Farnebéack's optical flow algorithm. The interpolated

frames are from a video at 50 fps, upscaled to 100 fps.

EDSR is used. While most of the techniques performed similarly, Real-
ESRGAN is considered not effective for this task, as it smoothens the
images significantly, yielding a different temperature distribution of the
flame. Furthermore, none of these techniques are trained on datasets
consisting of thermal images or flames. Training a model on a dataset of
thermal images of fires could be useful for additional improvement,
which could be done using the existing underlying architectures of the
models.

The temporal interpolation technique, FLAVR, demonstrated reliable
performance in enhancing the frame rate of a thermal camera from 25
fps to 50 fps, both within a puffing cycle and during the transition be-
tween successive cycles. While the temperature distributions are
smoothed at this frame rate, an upscaled video from 50 fps to 100 fps
showed sharper interpolated frames, as indicated by using FSIM as a
metric for image quality. When using FSIM on videos upscaled from 25
to 50 fps, the average FSIM was 0.91, while it was 0.99 when comparing
images from a video upscaled from 50 to 100 fps with ground truth data.
The direction of the flow is as expected and temporally similar to that of
ground truth data, and the temperature fields for interpolated frames are
similar to those of ground truth data.

Beyond improvements in image quality, enhanced spatial resolution
has implications for experimental fire research by improving the visu-
alisation of flame boundaries, plume structure, and localised intensity
gradients. Such improvements may support qualitative interpretation of
flame shape dynamics and plume morphology in experiments where
optical access or sensor resolution is limited. However, these enhance-
ments should be interpreted as improved visualisation rather than direct
recovery of unresolved physical details.

The relevance of spatial and temporal enhancement for fire behav-
iour research is inherently tied to the physical characteristics of the fire
under investigation. A limitation of the present study is that it considers
a single fuel and pool diameter, whereas both parameters significantly

influence plume dynamics and MWIR image characteristics. The domi-
nant puffing frequency scales with pool diameter according to the
Zukoski correlation [45], with larger pools exhibiting lower character-
istic frequencies and larger coherent structures. As a result, the frame
rate required for successful interpolation is expected to scale inversely
with pool diameter, independently of the imaging system. Fuel type
further impacts MWIR observability, as non-sooty fuels produce opti-
cally thin, low-contrast plumes dominated by gas-phase emission, while
sooty hydrocarbon fuels yield brighter, optically thick flames with
higher contrast but reduced internal visibility and increased risk of pixel
saturation. Consequently, the frame rate thresholds reported here are
specific to the conditions studied, and extension to other fuels and pool
diameters, including crude-oil fires, is left for future work.

Another limitation of the current study is the chosen degradation
model and the associated hyperparameters. Simulating a camera of
lower quality is a complex task, as the real degradation is complex and
difficult to predict. Therefore, future work should include a wide para-
metric sweep of the hyperparameters of the degradation model and
compare the degraded images with a camera of lower quality, as well as
considerations for more complex models that better simulate the
different aspects of the degradation model, such as noise modelling [48].
Having a more accurate degradation model will reveal which of the
proposed techniques performs the best with a known degradation.

Overall, the results indicate that deep learning-based spatial and
temporal enhancement can improve the interpretability of thermal fire
imaging under controlled conditions, particularly for qualitative
assessment of flame dynamics and plume structure. The primary
contribution of the proposed approach lies in extending the utility of
existing experimental datasets when sensor resolution or frame rate is
limited, rather than in recovering unresolved physical detail. At the
same time, the dependence on sampling frequency, degradation as-
sumptions, and learned reconstruction highlights the need for cautious
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interpretation of enhanced imagery. These findings position Al-based
enhancement as a complementary visualisation and analysis tool for
experimental fire research, rather than a replacement for physical
measurement.

4. Conclusions

The purpose of the study was to quantify the possible enhancement
of the spatial and temporal resolution of thermal videos for applications
in fire science. In particular, within this research, a 0.25 x 0.25 m n-
heptane pool fire was studied. Various Deep-Learning models were
tested and compared using common image quality metrics, PSNR and
MSE. The interpolation models were used on degraded images using a
standard degradation model, along with pure resizing of the images. The
results showed that the EDSR model performed the best overall, albeit at
the cost of a higher computational time per frame. The worst-performing
model was Real-ESRGAN, which smoothed the images and over-
predicted pixel brightness. While the models performed better when
upscaling images that were purely resized, the difference between the
PSNR of the resized and degraded images is less than 1 %, indicating that
the models perform even with the applied degradation model.

For temporal enhancement, the model was applied to videos of
different frame rates, and showed that low frame-rate videos, such as 25
fps, can be upscaled to 50 fps and show images that are similar to ground
truth images when comparing temperature fields and motion of the
flame and buoyant plume, albeit with slightly averaged temperature
fields. However, upscaling a video from 50 fps to 100 fps showed high
correspondence with ground-truth frames. Furthermore, optical flow
was used to investigate if jitter or flickering at small scales could be
observed. This was not the case, meaning that the interpolation was
successful at capturing the motion fields of the pool fire. When inter-
polating from 25 to 50 fps, the Fidelity Similarity Index was calculated
to be 0.91, compared to a value of 0.99 when interpolating from 50 to
100 fps. This is due to the blur that is present, especially for the lower
frame rate. The studied pool fire had a puffing frequency of approxi-
mately 2.9 Hz. As the video at 25 fps was blurry, indicated by the con-
tours and the FSIM value, while the video at 50 fps was not, the fast
frame interpolation model performs well when the frame rate is
approximately 20 times higher than that characteristic time scale of the
flame, compared to the worse performance when the frame rate was
only approximately 10 times the characteristic time scale of the flame.

With the proposed techniques, it is still unfeasible to use them in real-
time on the actual device doing the video capturing. The techniques are
instead proposed as a post-processing step in the analysis pipeline, to
improve the capacity to extract useful information from the video, or to
use it for detailed velocimetry measurements using optical techniques.

In conclusion, Deep-Learning-based approaches have been shown to
be effective in both spatial and temporal resolution enhancement on
sequences of thermal images obtained from a small pool fire. Future
work should focus on training models specifically on data obtained from
thermal images of fires.
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