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Flame volume is a fundamental descriptor of fire dynamics and is closely related to heat release rate and fire
spread potential. Traditional methods for assessing fire size are indirect, relying on measurements of mass loss
rate, oxygen consumption calorimetry or simplified geometrical assumptions. With recent advances in computer
vision and artificial intelligence (AI), new opportunities arise for quantifying flame geometry directly from visual
data. In this study, the semantic segmentation models U-Net, ENet, Fast-SCNN, and two custom DeepLab vari-
ants, were trained on datasets from small-scale calibration tests as well as full-scale facade fire experiments. The
models were evaluated in terms of segmentation accuracy, inference speed, and generalization ability. Results
show that DeepLab-BO achieved the highest segmentation accuracy, while Fast-SCNN provided the best trade-off
between speed and precision. The findings suggest that Al-based segmentation combined with tailored geometric
modeling can provide reliable estimates of flame volume, with clear trade-offs depending on whether accuracy or

speed is prioritized.

1. Introduction

Artificial Intelligence (AI) has evolved rapidly since its inception in
the 1950s [1], when early systems focused on problems that could be
fully described by formal rules, such as board games like chess. These
early approaches were limited to domains where clear logic could be
encoded. Many real-world tasks, however, such as medical diagnosis,
cannot be captured easily by explicit rules. The emergence of machine
learning (ML), a subfield of AlI, addressed this limitation by enabling
algorithms to learn patterns directly from data and produce probabilistic
predictions. ML models are trained on labeled datasets to infer re-
lationships between input parameters and outcomes, allowing them to
handle complex, nonlinear phenomena that traditional rule-based
methods struggle to model [2].

Fires exemplify this complexity, where the underlying physical
processes span a wide range of temporal and spatial scales, some of them
remain only partially understood. Consequently, semi-empirical models
are common, and there is considerable potential for ML to contribute to
this field. Properly trained and validated ML models can act as surrogate
models for complex experiments or simulations, providing fast pre-
dictions within the bounds of their training data [3]. While extrapola-
tion beyond the training domain remains challenging, combining

specialized sub-models can yield accurate predictions for complex fire
scenarios. Artificial neural networks often outperform traditional
regression when nonlinear relationships dominate.

Al and, more specifically, ML have become increasingly relevant
tools within fire science. Historically, fire phenomena have been studied
using experimental methods and computational fluid dynamics (CFD)
simulations, see e.g. Ref. [4]. While these approaches provide valuable
insights, they are resource-intensive and often lack the flexibility needed
for real-time applications. By contrast, ML enables the development of
surrogate models that can be learned directly from empirical or simu-
lated data, offering computationally efficient and adaptable solutions.
Application of ML in fire science span both engineering practice and
fundamental research. In fire safety engineering, ML can automate as-
sessments when large datasets or image collections are available. In
research, ML supports deeper analysis of the governing mechanisms in
combustion, enabling the development of improved tests and assessment
methods. Notable applications include laminar flame characterization
[5], forest fire prediction [6,7] and fire dynamics modeling [3,8-10].
While these studies highlight promising avenues, Al in fire science re-
mains an emerging area, and expert domain knowledge is essential to
ensure that ML models are applied appropriately.

Despite this progress, relatively little work has focused on the
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quantification of flame geometry from visual data. Flame height, area,
and especially volume, are parameters of direct importance for under-
standing fire behavior [11-13]. Flame volume, in particular, provides a
proxy for energy release and spread potential, but is rarely measured in
fire tests due to methodological challenges. Traditionally, assessments
rely on indirect measures or simplified geometrical assumptions. How-
ever, advances in deep learning and semantic segmentation now make it
possible to analyze flames at the pixel level in video frames, enabling
systematic and scalable quantification.

Video-based fire analysis has been an active research area for more
than two decades. Early work primarily focused on flame and smoke
detection using handcrafted features and rule-based classifiers, as
comprehensively reviewed in Ref. [14]. More recently, deep-learning
approaches have significantly improved robustness and real-time
capability, with convolutional neural networks increasingly used for
fire segmentation and detection tasks [15,16]. While these studies
demonstrate strong performance for fire recognition and localization,
they typically stop at binary detection or pixel-wise classification and do
not address the extraction of physically meaningful fire descriptors such
as flame volume.

This study investigates whether ML-based semantic segmentation
[11], combined with geometric reconstruction methods, can provide
reliable estimates of flame geometry [17]. Building on datasets from
facade fire tests, several segmentation models are trained and evaluated.
Their outputs are then used as input to different geometric volume
approximation techniques using the Shape from Silhouette method. The
objective is to assess both accuracy and feasibility, weighing the
trade-offs between precision and computational efficiency. This meth-
odology should be seen as a complementary tool to traditional visual
methods sometimes used.

The novelty of the present work does not lie in proposing a new se-
mantic segmentation architecture per se, but in demonstrating how
modern deep-learning-based image segmentation can be systematically
adapted, validated, and applied to full-scale fire experiments conducted
under standardized facade test conditions. In contrast to most prior
work, which focuses on fire detection or classification, this study targets
quantitative geometric descriptors of the flame, with particular
emphasis on flame volume. By training and benchmarking multiple
segmentation models on video data from controlled facade fire tests, the
study provides insight into the trade-offs between segmentation accu-
racy, inference speed, and robustness when applied to fire testing en-
vironments rather than generic image datasets. The contribution should
be viewed as a methodological demonstration and benchmark rather
than a finalized operational tool. The results are intended to inform both
fire researchers and testing laboratories about the feasibility and limi-
tations of extracting flame geometry from standard video recordings,
and to serve as a reference point for future development of automated
post-processing tools for fire tests.

2. Methodology

The primary dataset used in this study was obtained from facade fire
tests conducted within the European project'Finalization of the Euro-
pean approach to assess the fire performance of facades', [18]. The aim
of the project was to develop a methodology to assess the fire perfor-
mance of facades for medium and large fire exposure. The facade fire
experiments were conducted as part of the experimental Round Robin
within the European Commission—funded project. The testing pro-
gramme comprised both medium-scale exposures (similar to the DIN
4102-20 facade fire test method [19]) and large-scale exposures (similar
to the BS 8414 facade fire test [20]), based on a standardized combus-
tion chamber with a wood crib fuel source and a defined secondary
opening. Tests were performed at multiple laboratories to evaluate
repeatability and inter-laboratory variability. While camera models and
lighting conditions varied between laboratories, camera positioning and
viewing geometry were kept comparable to ensure consistency. In
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addition to conventional instrumentation, all tests were documented
using RGB video recordings from fixed camera positions. The cameras
were primarily intended for visual documentation and qualitative
assessment; however, their stable positioning and repeatable test ge-
ometry also make them suitable for post-test quantitative analysis.
Across the participating laboratories, camera (GoPro Hero 10 in most
cases which have CMOS sensors) resolutions ranged from 1920 x 1080
to 2560 x 1440 pixels, with frame rates between 25 and 30 frames per
second. However, all captured video streams were scaled to 1920 x
1080 for consistency in comparisons. The recorded videos capture the
temporal evolution of the flame plume along the facade under controlled
and well-characterized exposure conditions. In the present work,
selected video sequences from these facade tests were used to investigate
the feasibility of extracting flame geometry using image-based methods.
Preprocessing included lens distortion correction (Gyroflow [21]),
frame extraction, and data augmentation techniques such as rotations,
scaling, and brightness variations. The standardized nature of the test
configuration, combined with the availability of repeat tests across
laboratories, provides a unique dataset for evaluating the robustness of
automated flame segmentation and subsequent geometric reconstruc-
tion. While the facade experiments were not originally designed for
image-based flame measurement, they offer a realistic and relevant
environment for assessing the potential of such techniques in fire testing
practice.

Flame regions were manually annotated on selected frames using
pixel-level masks to create the ground-truth dataset. To improve model
robustness and account for inter-laboratory variations in lighting and
exposure, data augmentation techniques were applied during training.
These included random rotations (+5°), horizontal flipping, scaling,
brightness and contrast adjustments, and the addition of mild Gaussian
noise. No temporal smoothing or tracking was applied during training,
and each frame was treated independently. Annotated datasets were
created manually using LabelMe, where flame regions were outlined
pixel by pixel. Pixel counts are used as an intermediate representation of
flame size because they form the direct output of segmentation models
and provide a transparent link between model performance metrics and
subsequent geometric reconstruction. Conversion to physical di-
mensions is performed through camera calibration, but reporting pixel-
level agreement enables comparison across models independently of
geometric assumptions.

Five segmentation models were trained and evaluated: U-Net [22],
Enet [23], DeepLab-BO [24,25], DeepLab-B3 [24,25], and Fast-SCNN
[26] using PyTorch [27] and trained using identical datasets and eval-
uation metrics to ensure a fair comparison. The training and validation
datasets were fixed throughout training, following a commonly used
80/20 training-validation split in machine learning model development
[27]; no independent test set was used due to dataset size where the
validation set was used independently for model evaluation. Training
was performed with a loss function combining Dice loss and Binary
cross-entropy. Model performance was evaluated using data from
confusion matrices, Dice coefficients and Intersection-over-Union (IoU)
scores. For flame geometry estimation, pixel-based flame masks were
converted to height and area using camera calibration, while volume
was estimated either through Shape from Silhouette or geometric ap-
proximations treating the flame as cones or paraboloids. Although, in
this particular study only the Shape from Silhouette method is used.
Segmentation performance, accuracy of volume estimation, and
computational costs were all systematically recorded.

Due to limited space, details of the segmentation model and results
will be shown for U-Net however brief descriptions of models and results
are provided for all models.

2.1. Description of models

U-Net is a convolutional neural network architecture originally
developed for biomedical image segmentation. It features a symmetric
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encoder—decoder structure in which each down-sampling step in the
encoder is mirrored by an up-sampling step in the decoder. The encoder
employed two successive 3 x 3 convolutional layers with ReLU activa-
tion at each level, followed by max-pooling. The number of feature
channels started at 64 and doubled at each down-sampling step. The
decoder mirrored the encoder using transposed convolutions and skip
connections to recover spatial detail. Skip connections link corre-
sponding layers, allowing recovery of fine spatial details lost in deep
networks. This design enables U-Net to generate high-resolution seg-
mentation maps from limited annotated data and makes it highly
effective when detailed object boundaries are essential, and data is
scarce or expensive to collect, see Fig. 1.

ENet (Efficient Neural Network) was designed for fast and resource-
efficient semantic segmentation, prioritizing real-time inference with
minimal computational cost. The network achieves this by aggressively
down-sampling early in the architecture, significantly reducing
complexity compared to heavier models such as U-Net or DeepLab. The
network consisted of an initial block followed by bottleneck modules
with asymmetric and dilated convolutions, resulting in significantly
fewer trainable parameters than the other evaluated models. ENet re-
quires only a fraction of the parameters, making it suitable for embedded
systems and mobile applications, see Table 1. Its main trade-off is lower
accuracy in fine detail segmentation due to reduced resolution, which
can be problematic in tasks such as flame edge detection.

The DeepLab-B0 model is a semantic-segmentation network which is
less complex compared to the DeepLab-B3 however it has significantly
more parameters than the other tested models, See Table 1. A distinctive
feature of DeepLab-type models is its use of the Atrous Spatial Pyramid
Pooling (ASPP) module, which enables the model to integrate multi-
scale contextual information [24]. The decoder structure followed a
U-Net-inspired design to refine object boundaries. The B3 variant has a
higher parameter count and representational capacity than the BO
model, at the cost of increased computational demand. This approach is
particularly effective for segmenting objects of varying size, an advan-
tage when analyzing fire imagery where both small and large flame
regions may occur within the same frame. Another major strength of
DeepLab v3+ is its ability to handle complex and heterogeneous back-
grounds, making it well suited to scenes where object boundaries are
indistinct, or the background is highly dynamic. The ASPP module
provides a broader contextual understanding of the image, which con-
tributes to greater robustness compared with traditional segmentation
architectures, especially in environments with high visual variability
[24]. The encoder employs depthwise-separable convolutions and
atrous spatial pyramid pooling to capture multi-scale contextual infor-
mation, while the decoder refines object boundaries for precise seg-
mentation. This design provides a favorable balance between accuracy
and computational efficiency, making the model fairly well suited for
applications that require real-time inference or deployment on
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Table 1
The total amount of available trainable parameters in the models.
U-Net ENet DeepLab-B3 DeepLab-BO Fast-SCNN
Parameters 1,862,849 46,689 13,769,577 7,026,621 63,841

Note that the number of parameters do not indicate the “intelligence” nor the
abilities of the models but rather give a general indicator of their sizes and
computational complexities. The reported parameter counts include all trainable
weights in the segmentation networks, excluding preprocessing and post-
processing steps.

resource-constrained platforms.

DeepLab-B3 follows the same hybrid design strategy as DeepLab-BO
but employs a larger EfficientNet-B3 backbone. This increases the model
capacity and accuracy at the expense of higher computational cost and
parameter count (under 14M). It retains the U-Net-inspired decoder and
skip connections, striking a middle ground between performance and
efficiency. While heavier than BO, it remains significantly leaner than
the full DeepLabv3+ architecture. Note that DeepLabv3+ was only used
in combination with U-Net to construct the hybrid models. All DeepLab
models were implemented using standard configurations without
modification of backbone depth or ASPP dilation rates.

Fast-SCNN (Fast Semantic Segmentation Convolutional Neural
Network) is designed specifically for high-speed segmentation on
resource-limited hardware. It employs a two-branch structure: a
“learning to down-sample” module for efficient feature extraction, and a
lightweight global feature extractor for capturing contextual informa-
tion. The design enables very fast inference while keeping accuracy
competitive. Fast-SCNN is particularly suitable for real-time tasks such
as flame segmentation in video streams, though its accuracy may be
lower than heavier architectures. The architecture is described in detail
in Ref. [26].

It is important to note the significant difference in relative size and
complexity of the evaluated models. For this purpose, the number of
trainable parameters constitutes a particularly relevant metric, as pre-
sented in Table 1. While the parameter count provides an indication of
computational complexity and deployment feasibility, it does not
directly correspond to segmentation accuracy. ENet and Fast-SCNN can
be classified as lightweight, computationally efficient models with
relatively few parameters, whereas the two DeepLab variants represent
substantially larger and more complex architectures with considerably
higher parameter counts. U-Net occupies an intermediate position,
being moderately large and resource-demanding, yet still significantly
less complex than even the lighter DeepLab model (DeepLab-B0).

2.2. Loss function and assessment criteria

The loss function, accuracy and performance of the models have
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Fig. 1. The image shows a classic U-Net architecture. Inspiration taken from the original work by Ronneberger et al. [22].
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been explored by a few metrics, namely, the Binary Cross-Entropy
(BCE), DICE loss and Intersection over Union (IoU). BCE is a
commonly employed loss function for binary classification tasks,
quantifying the discrepancy between ground-truth labels and the
model's probabilistic predictions. The loss is defined as the average over
all data points, where incorrect predictions are penalized via logarith-
mic terms. Specifically, when the true label is y; = 1 and the model as-
signs a high probability (¥; ~ 1), the loss remains low. Here, y;
represents the true value and the y; the predicted value. Conversely, if
the model assigns a low probability (y; = 0), the loss increases sub-
stantially, thereby penalizing the misclassification. Owing to its effec-
tiveness, BCE is widely utilized in binary classification and image
segmentation tasks, particularly in conjunction with sigmoid activation
functions in neural networks. The BCE can be expressed as,

1 & N .
BCE= — = 21: ly: log 3: + (1 —y,)log(1 — ¥1)]. @

The evaluation metric is based on the Dice coefficient, which pe-
nalizes poor overlap by comparing the intersection and the union of
predicted and ground-truth pixels in the segmentation. The term e
(epsilon) represents an arbitrarily small constant that prevents division
by zero. As before, yi denotes the true class label for pixel i (0 or 1), while
yi represents the predicted probability for pixel i of the DICE coefficient,

DICE— (22 (yl-*yi)ﬂ) / (Zyi+ Zywre) @

The IoU metric is the common area between prediction and ground
truth, the value is doubled and then divided by the sum of the predicted
and ground-truth areas. The resulting value ranges between 0 and 1,
where 1 indicates a perfect match and 0 indicates no overlap. In this
study, a model achieving an average Dice coefficient above 0.9 is
considered to demonstrate satisfactory performance. IoU,

U= (23" 090 +e) /(3 0itsi-i+x) +e) ©)

The Jaccard index, also referred to as the IoU, is a closely related
metric that quantifies the overlap between prediction and ground truth.
Compared to the Dice coefficient, IoU is slightly stricter, since Dice
doubles the numerator and sums both areas in the denominator. Due to
this increased sensitivity, a model in this study is regarded as main-
taining good performance when the IoU exceeds 0.8. Traditionally,
segmentation validation employs either Dice or IoU alone; however, to
capture their complementary properties where IoU being more sensitive
to small errors and Dice being more robust for very small structures and
therefore both metrics are included in the analysis. Another interesting
parameter to observe is Precision, which is a commonly used metric for
model validation. Its components, True Positives (TP) and False Posi-
tives (FP) are obtained from the confusion matrix presented later in the
results. Precision quantifies how often the model is correct when it
predicts a positive outcome, i.e., the proportion of predicted positives
that are actually correct:

Precision = TP / (TP + FP). (C))

This metric is particularly relevant in applications where false alarms
are costly, such as in medical diagnosis. Sensitivity, also referred to as
recall, measures the model's ability to correctly identify all positive
cases. It reflects the proportion of actual positive pixels that are suc-
cessfully captured by the model:

Sensitivity = TP / (TP + FN). (5)

Here, FN is the number of false negatives. This metric is especially
important in contexts where missed detections are critical, for example
in fire detection or cancer screening. The F1-score is the final validation
metric applied in this work. It represents the harmonic mean of precision
and sensitivity, thereby balancing the two by penalizing large
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discrepancies between them:
F1 = 2 x (Precision x Sensitivity) / (Precision + Sensitivity). (6)

This metric is particularly useful in scenarios where both false alarms
and missed detections carry significant consequences.

3. Results and discussion

The segmentation results demonstrated that DeepLab-BO consis-
tently achieved the highest accuracy, with Dice values approaching 0.92
and IoU values around 0.85 on the validation dataset. Fast-SCNN, while
slightly less accurate, provided significantly higher inference speed,
making it suitable for real-time applications. U-Net and ENet achieved
reasonable performance but struggled to generalize across varying
lighting conditions. When comparing volume estimation methods,
Shape from Silhouette proved the most precise, producing re-
constructions closely matching reference data, but at the cost of long
computation times. Paraboloid approximations, although less accurate
with errors of about 10-15%, offered much faster performance, thereby
providing a practical alternative where speed is critical. Cone approxi-
mations systematically underestimated flame volume due to
oversimplification.

A comparative assessment of the segmentation models is presented
in Table 2, where three validation metrics derived from each model's
confusion matrix, as introduced in chapter 2.2 (Equations (1)-(6)). In
brief, precision quantifies the proportion of predicted positives that are
correct, sensitivity (recall) measures the proportion of true positive
pixels correctly identified by the model, and the F1-score represents a
harmonic balance between precision and sensitivity. The highest pre-
cision is achieved by DeepLab-B0O at approximately 0.96, while the
lowest is observed for Fast-SCNN at approximately 0.89. This indicates
that, among the pixels predicted as flames, DeepLab-BO achieved a
higher proportion of correct classifications. Notably, DeepLab-B0O even
outperforms DeepLab-B3, despite the latter being a larger and more
complex model. Equally surprising is that ENet outperforms Fast-SCNN,
despite its comparatively smaller architecture.

When examining sensitivity, the ranking shifts to a more expected
outcome, with DeepLab-B3 achieving the highest result at approxi-
mately 0.99, followed closely by DeepLab-B0, and thereafter by Fast-
SCNN, U-Net, and ENet. The F1-score provides a comprehensive sum-
mary of the models' predictive accuracy, as it combines the contribu-
tions of both precision and sensitivity. Based on this metric, the ranking
is DeepLab-B0, DeepLab-B3, U-Net, Fast-SCNN, and ENet, an order that
closely reflects the authors’ observations throughout the study.

Furthermore, when the Dice and I[oU scores are presented in
descending order, they mirror the results indicated by the F1-score, with
DeepLab-B0 ranked first and ENet ranked fifth (see Table 3).

As an example, U-Net achieved a mean Dice coefficient of 0.94 and
IoU of 0.89. A Dice value above 0.9 indicates very close agreement with
the reference segmentation, and an IoU above 0.8 shows that the vast
majority of the segmented area is correct (1.0 represents perfect over-
lap). Performance was lower in the second half of the dataset, likely
because the last 60 validation images were captured with the camera
rotated 90°, introducing a more complex background with lights and
reflective metal surfaces. The generalizability of the models is tested for
each on new data, it is found that U-Net performs reasonably well in new

Table 2

Performance of the different models, obtained by equations (4)-(6).
Model Precision Sensitivity F1 Measure
U-Net 0.9181 0.9846 0.9502
ENet 0.9023 0.9566 0.9287
DeepLab-B3 0.9292 0.9922 0.9597
DeepLab-BO 0.9589 0.9784 0.9686
F-SCNN 0.8862 0.9860 0.9334
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Table 3

The averaged results from the DICE coefficient and the IoU values.
Average U-Net ENet DeepLab-B3 DeepLab-B0 Fast SCNN
DICE 0.94 0.92 0.96 0.97 0.93
IoU 0.89 0.85 0.92 0.93 0.86

settings. It should be noted that while DeepLab-BO achieved highest
accuracy on known environments it struggled heavily with generaliza-
tion as unknown environments gave far worse results. This would be
expected however, as a more complex model like this requires a larger
and more diverse training dataset to be able to utilize its larger set of
trainable parameters. Otherwise, it risks overfitting like we observe here
leading to bad results in new environments. However, it should be
acknowledged that the training data are from specific facade fire tests
and small scale calibration tests; different camera types, lighting, or fire
chemistries could lower performance, so further data diversity is needed
for full real-world generalization.

3.1. Results exemplified for U-Net

The results are exemplified by U-Net in detail mainly due to its F1
ranking in the middle of the tested segmentation models, it is not the
best nor the worst. In Fig. 1, the U-Net predictions are shown at three
different time points. The middle example depicts a single continuous
flame, whereas the upper and lower examples contain smaller, discon-
nected segments. The upper case is noteworthy because the gap between
flame regions is very narrow; some other models interpret the flame here
as one large body. This leads to substantial variation in estimated flame
height, since height is measured from the highest point of the largest
connected region. Consequently, two models can produce nearly iden-
tical area estimates while reporting markedly different heights from the
same image, see Fig. 2.

The scatter plot in Fig. 3 compares the total number of predicted
flame pixels to the ground-truth masks, without assessing pixel-wise
overlap. It reveals a slight systematic overestimation of flame size
relative to the annotations.

A confusion matrix categorizes pixels from the 120 validation images
as true background, false background, false flame, or true flame. As
expected, true background dominates because most pixels belong to the
background, consistent with the observed distribution, see Fig. 4.

Flame volume has previously been linked to heat release rate and
thermal radiation through empirical and semi-empirical relationships
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binary form in the center and is subsequently overlaid on the original image to the right.
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(e.g., Refs. [28-31]). However, such approaches typically rely on
simplified flame geometries or indirect measurements. The present work
does not seek to redefine these relationships, but rather to explore
whether modern image-based techniques can provide a consistent and
automated means of estimating flame volume from experimental video
data, thereby supporting or complementing existing fire characteriza-
tion methods. In the validation example presented here, the flame vol-
ume was converted to heat release rate (HRR) by assuming a
representative volumetric heat release rate of approximately 1000
kW/m3, consistent but in the lower range compared with values re-
ported in previous studies on flame power density [27-29]. This con-
version is used only for approximate comparison of growth behaviour
rather than precise HRR prediction. Next, to be able to determine vol-
ume several visual sources are needed. In this work a calibration test of a
small burner is used where cameras are placed orthogonal to each other.
The volume is then based on the segmentation results; two segmented
images were combined to create binary masks for 3D volume approxi-
mation (Fig. 5). Four different methods to determine the volume are
tested, analytical approximations of a paraboloid, cone, the Shape from
Silhouette, and space integration. The volume for the paraboloid and the
cone is determined by formulas where the base and height are obtained
from the video. The Shape from Silhouette is a 3D reconstruction
method that by combining 2D video data from at least two sources can
numerically compute the volume through extrusion of 2D features and a
global intersection. The space integral is found by using the solid of
revolution integral. Among the tested methods, the paraboloid approach
provided the shortest inference time, making it suitable for real-time
applications, and yielded volume estimates between those of the
silhouette-based and cone approximations. The silhouette method pro-
duced the most visually accurate flame shape, while the space-integral
method likely overestimated the volume. Because flame geometry is
difficult to validate directly, quantitative evaluation of the volume es-
timates was not possible, although height and area measurements sup-
port their plausibility.

4. Model test and validation

A larger experimental test was conducted where a free-standing tray
(1000 mm x 500 mm x 100 mm) was filled with 30 L of heptane,
regularly used in the SP Fire 105 test for external wall claddings. It is to
be expected that the heat release rate (HRR) is lower than half of that
generated in the SP Fire 105 fire test (approximately 2.5 MW) due to the
missing back radiation from the combustion chamber enhancing the
gasification of the fuel [32].

The pan containing the heptane was ignited and video recorded from
two vertically separated viewpoints, as previously described for the
small flame tests, see Fig. 5. The fire development was captured with
standard video cameras from these angles and, additionally, with an
infrared (IR) camera from one angle to enable future extensions of the

Fire Safety Journal 162 (2026) 104732

work on quantifying flame volume. The models were not trained on the
data from these viewpoints; they were used solely to validate the
methodology.

The results showed that the models had a reasonably good ability to
identify the flame, but they did not produce consistently high-quality
segmentations. The flame sizes were overestimated by lights mounted
on the hall wall and also by reflection from some other surfaces, which
confounded the models and led them to misclassify some areas as fire.
The test is evaluated using the DeepLab-BO model, which is the best
performing model, to compute the flame volume, where one instanta-
neously explored area can be seen in Fig. 6.

The recorded HRR is displayed in Fig. 7 with the estimated HRR
computed from the volume approximation. Due to the mischaracteri-
zation of some flames, the flame volume is normalized to have a small
start value however some additional areas are unfortunately included in
the calculation due to reflections.

The calculated growth rate of the flame volume approximately
matches the growth of the fire however quantitative prediction of HRR is
impeded by misclassification and thus often overestimated.

5. Conclusions

This study demonstrates the feasibility of estimating flame volume
from fire test videos using ML-based semantic segmentation and geo-
metric modeling. DeepLab-B0 provided the most accurate segmentation
results, while Fast-SCNN proved most suitable for real-time applications
due to its substantially lower computational cost. Shape from Silhouette
produced the most accurate volume estimates, whereas paraboloid ap-
proximations offered a faster but less precise alternative. The findings
suggest that Al-driven methods can enrich both experimental fire
research and real-time fire safety monitoring.

Overall, the results suggest two distinct pathways for application. For
scientific fire testing where precision is paramount, DeepLab-BO in
combination with Shape from Silhouette provides the most reliable so-
lution. For real-time monitoring in operational settings, Fast-SCNN
combined with paraboloid approximation strikes the best balance be-
tween accuracy and computational efficiency. Future considerations
include the need for careful validation of models on diverse datasets
before deployment, as well as transparency about limitations to avoid
over-reliance in safety-critical contexts.

The models depend on high-quality, diverse training data to avoid
overfitting to specific conditions such as lighting, background, or fuel
type, and camera calibration is critical for accurate geometric mea-
surements. DeepLab-BO delivered the best precision and F1 score on
familiar data, while U-Net showed the strongest generalization to new
environments, outperforming more complex DeepLab variants. Data
augmentation improved all models’ F1 scores but increased their ten-
dency to over-segment. Model complexity also affected practical con-
siderations: lightweight networks (Fast-SCNN, ENet) offered faster

Fig. 5. Data from small-scale fire tests with two orthogonal video streams (left) and masking (right).
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Fig. 6. Validation test, open free burning test using heptane with overlayed masking.
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Fig. 7. A comparison of computed HRR from flame volume and the measured
HRR in the validation experiment.

training and inference, whereas heavier models (DeepLab, U-Net) pro-
vided higher accuracy when speed is less critical.

Volume estimation tests indicated that the paraboloid volume
approximation balanced accuracy and real-time performance, and op-
tical distortions could be corrected effectively. As part of the pre-
processing of all data a radial/lens distortion error produced by the
GoPro fish-eye lens was corrected through the program GyroFlow with
the help of GoPros official data logs or through a visual examination to
preserve all parallell lines within the captured enviroment. Overall, the
study demonstrates that careful calibration, consistent annotation, and
robust preprocessing yield segmentation methods and volume estimates
can be transferred to other fire-related or industrial monitoring
applications.

Annotation methods also introduce uncertainty: early data were
manually labeled with LabelMe, while later data used automated HSV
(Hue-Saturation-Value) masking. Mixing these methods may have
caused inconsistent flame boundaries and a tendency toward over-
segmentation, since the LabelMe masks were generally larger.

Despite these challenges, the work demonstrates how general
machine-learning techniques can be adapted to fire research and

emphasizes the importance of careful preprocessing, calibration, and
consistent annotation for robust flame-segmentation models. Future
work should focus on expanding datasets, incorporating infrared imag-
ery, and exploring hybrid models that combine data-driven and physics-
informed approaches. To advance this research, larger and more diverse
datasets are needed from fires with different fuels, environments, cam-
era angles, and lighting. Such diversity would improve model general-
izability and reduce overfitting. The current training set of only 750
images is small, and models especially complex ones like U-Net and
DeepLab would benefit from thousands of varied training images. Vol-
ume estimates could also be refined by incorporating temperature
measurements or multi-camera 3D reconstruction to increase accuracy.
Finally, extending the work to real-time analysis with fast inference is
important for practical applications such as industrial fire-alarm systems
or for analyzing drone data obtained from outdoor fires. Combining it
with, for example, drone-based observations could provide emergency
services and other stakeholders with better information to make faster,
more informed decisions, ultimately helping to save lives and reduce
damage during wildfires. This type of data could be used to predict how
a fire will develop under different weather conditions.
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