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Abstract

Early detection is a key tool for mitigating the devastating effects of wildfires. Single-frame
detection methods that do not consider inter-frame dependencies often fail to detect smoke
plumes at the earliest stage and at greater distances, or produce excessive false alarms.
Biological vision is particularly sensitive to motion cues, and this translates well to au-
tomated systems. Recent temporal-memory approaches have demonstrated improved
performance over purely spatial methods, but typically rely on complex, computationally
heavy multi-stage architectures. This study investigates the possibility of encoding tempo-
ral and contextual information into additional image channels as a basis for compiling data
models with increased information content. Seven distinct data models were proposed,
and corresponding datasets were generated to train standard YOLO architectures without
modifications to the network structure. The datasets were compiled from real wildfire
footage collected from an operational wildfire surveillance system in Croatia, comprising
333 annotated sequences of real fires recorded between 2018 and 2024. Experimental eval-
uation compared the performance of YOLO models trained on the information-enriched
datasets with those trained on standard RGB images. Based on the results, the best data
model for early wildfire smoke detection, combining original RGB channels with short-term
and long-term temporal memory, was selected. Comparative evaluation demonstrated
improved detection accuracy, achieving up to 5 percent higher true-positive detection rate
for models trained on spatio-temporal data compared to standard RGB images, while main-
taining low inference latency. The proposed approach shifts the focus to the structure and
information content of the data while preserving the efficiency of standard convolutional
neural network architectures. This approach could be applied to other problems requiring
high efficiency and real-time operation, where temporal and contextual information can
improve detection performance.

Keywords: data models; smoke detection; wildfire surveillance; YOLO; machine learning

1. Introduction

Wildfires are among the most destructive natural phenomena, significantly affecting
human lives and entire ecosystems. The consequences of large wildfires are not only
short-term and often catastrophic but also cause lasting changes to communities and leave
impacts on the ecosystem that can be visible for decades. Early and accurate detection is
therefore paramount in mitigating the devastating effects of wildfires, enabling a more
rapid response and containment before they escalate into uncontrollable conflagrations [1].
Technological advances and the development of advanced image-processing algorithms
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have enabled a shift from systems relying on trained human observers to technological
solutions based on surveillance cameras and automatic detection algorithms [2—4]. Al-
though these systems have improved wildfire monitoring, the complex nature of smoke,
which is the first visible sign of wildfire during daytime, often results in many false alarms
as well as missed detections. The semi-transparent nature of smoke, the lack of clearly
defined features, image-quality degradation due to atmospheric and other disturbances,
and the need to detect fires at long distances and at the earliest stages render early wildfire
smoke detection particularly challenging. This challenge is compounded by the varying
shapes, sizes, and colors of smoke plumes, alongside potential sensor degradation, which
collectively hinder effective spatial information extraction from a single image. The rapid
development of deep learning and convolutional neural networks has greatly enhanced
image analysis and computer vision capabilities. These algorithms have found applications
across many domains, including early smoke detection for wildfires [5,6]. Specifically, You
Only Look Once (YOLO) architectures [7] have emerged as particularly promising due to
their real-time performance and high accuracy in object-detection tasks, even in complex
environmental conditions [8]. However, the inherent limitations of processing static RGB
images for dynamic phenomena like smoke propagation still present significant hurdles
for these models, often leading to reduced precision and increased false positive rates in
real-world scenarios [9].

The pronounced sensitivity of human vision to motion and change has inspired
approaches that combine temporal information from sequences of consecutive frames
with the spatial information contained in a single image, aiming to improve detection
accuracy. These methods often rely on hybrid multi-stage algorithms that combine different
neural network architectures to extract spatial and temporal information [10-12]. While
effective, such architectures are computationally intensive, which can be a limiting factor
for large-scale deployment where the system must simultaneously process multiple high-
resolution video streams. This necessitates alternative strategies that integrate temporal
cues with spatial features without significantly increasing model complexity or inference
latency [13-15].

To circumvent these limitations while preserving the benefits of temporal information
cues, this study investigates the possibility of increasing the information content of the input
data by encoding temporal and contextual information into additional image channels,
rather than customizing neural network architectures for video stream processing. This
work builds upon our prior research that explores the integration of diverse data models
for enhanced smoke detection [16]. The proposed strategy reduces computational overhead
by directly integrating spatio-temporal data into a unified input format for streamlined
processing by existing, highly optimized object detection models.

This study is based on a dataset collected from the archive of intelligent wildfire
surveillance system currently operational at 116 locations in the Republic of Croatia, as
well as at additional sites in Bosnia and Herzegovina, Montenegro, and Albania [17]. The
surveillance locations in Croatia are shown in Figure 1. This archive contains recordings
collected under various atmospheric and visibility conditions, with image-quality degra-
dation that occurs during use of surveillance cameras at remote and isolated locations
throughout the year. The archive contains footage of real forest fires in the earliest stages
and at different distances from the camera.
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Figure 1. Monitoring locations of the intelligent wildfire surveillance system in Croatia. Red markers
indicate the camera locations from which the wildfire example images shown in Figure 2 were
collected. The inset shows exact geographic positions of these locations.

Sequences of images with duration of 30 to 45 min were retrieved from the system
archive. By processing consecutive frames, additional image channels encoding temporal
and contextual information were generated. These supplementary channels were combined
with the existing RGB channels to form multidimensional samples that capture spatial,
temporal, and contextual information. By combining these additional features extracted
from sequences of consecutive frames, seven multidimensional data models with different
combinations of spatial, temporal, and contextual information were compiled, including a
regular RGB samples as a baseline for comparative evaluation, and a separate dataset was
generated for each data model. These multichannel datasets were used to train a standard
YOLO architecture, aiming to select the best data model for wildfire detection. The obtained
results were compared with those achieved by training the same YOLO architecture in the
same set of images using only RGB channels (standard image).

The evaluation methodology follows a three-stage evaluation process: (a) different
models of multichannel data were evaluated on a limited-size data in order to select the
best data model for wildfire smoke detection; (b) the best-performing data model was
retrained and evaluated on large dataset obtained using augmentation techniques; (c) final
validation was performed on the original high-resolution image sequences collected from a
separate set of monitoring locations that were not used in earlier phases of the study. In
the last evaluation step, a production wildfire surveillance environment was simulated
to assess both the effectiveness of the proposed solution and its efficiency with respect to
potential real-time deployment.

The main contributions of this work are: (a) a method for encoding temporal and
contextual information into additional image channels, enabling the use of standard and
efficient DNN architectures for processing video sequences; (b) selection of the optimal data
model for wildfire smoke detection; (c) a real-time smoke detection algorithm applicable
to high-resolution video sequences; (d) a sequence-aware augmentation technique that
preserves the temporal relationships between consecutive frames; (e) a wildfire smoke
dataset containing original RGB images and additional spatio-temporal channels, made
available for future research.
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Figure 2. Examples of wildfire images from the dataset. Images on the left (a,c,e,g) contain first

visible signs of smoke that should be automatically detected. In some cases, smoke is barely vis-
ible. Right column (b,d,fh): Developed wildfire 3 to 7 min since the outbreak. The geographic
locations of the corresponding camera sites are indicated by red markers in Figure 1. (a) Location
Promina; (b) Developed wildfire after 4 min, endangering wind farm; (c) Location Celavac, simul-
taneous occurrence of two wildfires; (d) Developed wildfires after 7 min; (e) Location Grebastica;
(f) developed wildfire after 3 min, endangering a densely populated area; (g) Location Velo Grablje,
Hvar; (h) emerging wildfire after 3 min, endangering village.

The remainder of the paper is structured as follows. Section 2 provides an overview of
existing research on smoke detection for early wildfire detection and reviews deep learning
methods that incorporate temporal information, with an emphasis on the YOLO algorithm.
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Section 3 details the methodology of the presented study, including the generation of multi-
channel data models and the evaluation procedure of the proposed approach. Section 4
presents the experimental results, followed by the discussion in Section 5. The conclusions
are presented in Section 6.

2. Related Work

The evolution of wildfire detection systems, from manual human observers to auto-
mated systems, has been primarily driven by computational capability and algorithmic
complexity. While early automation approaches provided reasonable results, they required
substantial post-processing and fine-tuning. More recently, rapid advances in GPU compute
power-enabled deep neural networks (DNNSs), particularly convolutional neural networks
(CNNs), to become the dominant paradigm in computer vision-based object detection [7].

Current industry standard for CNN-based real-time detection and segmentation tasks
is the YOLO family of models, first introduced in 2016 [7]. By replacing the traditional
multi-stage localization and detection approach of regular CNNs with single-pass inference
(with convolutional layers predicting both bounding boxes and class probabilities) YOLO
achieved the balance between accuracy and computational efficiency necessary for em-
bedded hardware deployment. Each new version added architectural improvements and
task-specific optimizations [18-20]. Due to their excellent real-time performance, YOLO
models were rapidly adopted for wildfire detection [21-24].

Considering the practical constraints of deploying automated systems in remote lo-
cations, recent research focuses on lightweight CNN architectures capable of real-time
smoke detection on resource-limited hardware. El-Madafri et al. [25] propose a compact
convolutional model optimized for lookout towers with CPU limited inference capabil-
ities. Through hierarchical knowledge distillation across multiple models, they reduce
complexity while preserving accuracy. Their system processes single RGB frames from
fixed cameras and achieves near real-time performance with competitive detection results,
demonstrating that carefully designed lightweight CNNs can be deployed on edge devices
for operational wildfire monitoring. Similarly, Almeida et al. [26] propose EdgeFireSmoke,
a lightweight CNN model capable of fire and smoke detection on images from a video
stream in real time. The architecture targets edge computing devices on unmanned aerial
vehicles and video surveillance systems.

More recently, attention mechanisms have become popular with detection architectures
to improve contextual understanding [27]. The transformer’s superior context modeling
capabilities improve discrimination between actual wildfire and benign events, yielding
better results than CNN-only approaches. Unfortunately, the introduction of the trans-
former to the backbone comes at the cost of reduced inference speed [28]. Transformer
architectures have been most successful in the domain of video action classification [29-31].
The task entails the network consuming a sequence of a significant amount of frames with
classification clues spread across the sequence. The projects show large transformer based
networks, such as VIN, are capable of gathering the information through the attention
mechanism and correctly classify actions. However, as with all attention-based architec-
tures, computational complexity is multiple orders of magnitude higher than conventional
CNNs, between 1000 and 8000 GFLOPs for a VTN, compared to approximately 165 GFLOPs
for YOLOVSL

This trade-off between performance and speed also comes to light with the latest
YOLOv12 model architecture. While attention mechanics help YOLOv12 achieve better
results compared to older models [20], specialized task-specific modifications often prove
more effective for smoke detection, as demonstrated in recent studies [32-34]. For example,
in F3-YOLO presented in [33], improvements to feature fusion in deeper CNN layers can
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surpass attention-based models like YOLOv12 while maintaining computational efficiency
of pure CNN architectures.

Despite these architectural advances, with respect to early smoke detection systems,
a fundamental limitation remains: they rely on individual frames without incorporating
temporal motion data. Models trained on static RGB or thermal images inherently ignore
the characteristic motion of smoke plumes. Their shape and speed varies, but at longer
distances where spatial resolution degrades, the temporal motion of smoke becomes crucial
discriminative information.

In line with this reasoning, recent studies increasingly use temporal information to
boost wildfire smoke-detection performance. The SmokeyNet model featured in [12] com-
bines both a CNN backbone to extract the regions of interest and a vision transformer to
classify it. In order to provide temporal data for better classification, the model also in-
cludes a Long Short-Term Memory (LSTM) [35,36] module to leverage the motion between
the current and previous frame. The SmokeyNet model is trained on image sequences
that start 40 min before and end 40 min after the start of the wildfire, with each frame
60 s apart. However, its multi-stage architecture involving CNN, LSTM, and a vision
transformer component presents computational challenges for deployment in systems
with a large number of monitoring locations and cameras that require processing multiple
high-resolution images per second [17].

These constraints motivate our novel approach, first proposed in the preceding
work [16]. Instead of introducing architectural complexity through sequential processing
modules like LSTM, we embed temporal information directly into the input representa-
tion through additional image channels. This channel-based encoding of temporal data,
combined with contextual channels that capture distance and background information,
allows standard YOLO architectures to leverage temporal and spatial contexts without the
computational overhead of recurrent and transformer elements. By training the YOLO
model on this custom multichannel data model, we expect a large increase in detection
accuracy when compared to conventional RGB approaches, while maintaining the inference
performance necessary for real-time deployment.

While our preliminary study [16] demonstrated the feasibility of multichannel spatio-
temporal encoding for wildfire smoke detection, it relied on a modified YOLOvVS5 archi-
tecture, a limited dataset, and patch-level evaluation. The present work substantially
extends this foundation by systematically evaluating seven distinct data models across
four YOLOV8 model sizes, significantly expanding the dataset across geographically di-
verse locations, and introducing a sequence-aware augmentation strategy. Furthermore,
the evaluation is conducted on full-resolution sequences under conditions that emulate
real operational deployment, including rigorous assessment of detection delay, inference
latency, and model complexity—metrics critical for determining suitability for real-time
wildfire surveillance.

3. Materials and Methods

This section presents the methodology used to develop different multichannel image
data models and evaluate their suitability for early wildfire detection. The presented
research can be divided into the following steps:

1.  Collecting data from the archive of the operational wildfire surveillance system;

2. Compilation of different multichannel image data models based on various spatial,
temporal, and contextual information;

3. Training and evaluation of the standard YOLO architecture on the collected datasets
in order to select the best-performing multichannel image data model;
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4. Generating an extended dataset using augmentation techniques for the selected
multichannel data model, as well as training and evaluation of the standard YOLO
architecture on the extended dataset;

5. Evaluation of the trained algorithm on original high-resolution video sequences taken
from the cameras of the wildfire surveillance system.

3.1. Dataset Collection

The dataset used in this study was collected from monitoring cameras that are part of
an operational wildfire surveillance system implemented in the Republic of Croatia [17].
The dataset was collected with the consent of the company Odasiljaci i veze d.o.0., Ulica
grada Vukovara 269d, HR-10000 Zagreb, Croatia, which is the operator and owner of the
system. This system is currently installed on 116 locations. Most locations are equipped
with two Pan-Tilt-Zoom (PTZ) cameras, which are actively used for real-time wildfire
detection throughout the year. Frames are retrieved from the camera at a resolution of
1920 x 1080 and are stored in the archive without any modifications. The dataset was
collected from the archive of the system, providing valuable real-world footage of wildfire
incidents enhancing the relevance and applicability of this study. The data used in this
study were retrieved from the system archive for the period 2018-2024, covering a total of
79 monitoring locations that were active during this period.

In the operational system, video feeds from all surveillance locations are routed to
seven regional monitoring centers. Each center is staffed by trained operators who monitor a
video wall displaying live feeds from all cameras in the assigned region, with images cycling
through different preset positions. When the automated detection algorithm generates an
alarm for a potential wildfire, the alarm is visually indicated on the corresponding image
on the video wall. The operator is responsible for alarm verification: upon receiving an
alert, the operator can stop the automatic camera rotation, switch to manual PTZ control,
and zoom in (up to 32 x or 40, depending on the camera model) on the suspicious area to
perform a detailed visual inspection. The operator either confirms the alarm—triggering
the emergency response protocol, which includes notifying the relevant fire suppression
services—or dismisses it as a false positive.

This stratification ensures that models are evaluated on entirely unseen environments:
the validation and test data are collected from geographically separate locations, providing
a realistic assessment of the model’s ability to generalize across varying terrains and
atmospheric conditions.

Each camera at a given location follows a systematic surveillance protocol involving
eight preset positions, which are visited sequentially. At each preset position the camera
stops for approximately 15 s. Image capture begins after 5 s, allowing the camera to focus.
Over the next 10 s, images are captured at one-second intervals. Due to connection quality
variations, the number of frames at a single stop at a preset position may vary from 8 to
11. Captured frames are analyzed to detect smoke, which represents the first visible sign
of wildfire. After capturing frames at one preset position, the camera moves to the next.
After completing all eight preset positions, the camera returns to the first position, with the
entire cycle taking approximately two minutes. This process repeats continuously.

The dataset was collected in the form of sequences, i.e., a set of consecutive image
frames taken from one preset position over a period of approximately 30 to 45 min. When
extracting sequences, the first visible signs of smoke in the sequence were sought based
on information about actual fires or reported agricultural burnings. Each sequence was
constructed by taking up to 30 min that precede the appearance of the first visible signs of
smoke and approximately 10 min after the smoke appeared, i.e., containing developing
smoke. Some sequences containing agricultural burnings exceeded 45 min. During such
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activities, smoke often appears simultaneously or within short time intervals at several
locations within the camera field of view. Also, smoke can disappear for short or extended
periods, before reappearing near its previous location. In these cases, longer sequences
were extracted to capture as many independent smoke events as possible, ensuring at
least 10 min elapsed before the first smoke appearance in a sequence. Consequently, each
sequence is associated with a particular preset position and consists of multiple series of
consecutive frames (8 to 11 frames per series) captured at one-second intervals, followed
by a temporal gap of approximately two minutes between two consecutive series. Smoke
typically appears after approximately 10 series (i.e., about 20 to 30 min from the start of
the sequence) and develops over the following several series. In most cases, extracted
sequences were limited to the first ten minutes from the initial signs of smoke. This
limitation is based on the premise that ten minutes represent the critical early phase of
wildfire, where timely detection can significantly influence response and containment
efforts. Everything recorded after this ten-minute window no longer qualifies as early
signs of wildfire. By focusing on the initial signs of smoke, the dataset emphasizes the
importance of developing detection systems capable of recognizing wildfire indicators at
its earliest stage. Exceptionally, for some sequences where the fire outbreak point is at a
very large distance from the monitoring location (20 to 40 km) and the smoke is hardly
visible, a somewhat longer sampling period was considered. Examples of real wildfire
events with smoke that should be automatically detected are shown in Figure 2. It can be
seen that in some examples, even trained human observer may struggle to detect smoke.

The majority of the sequences were collected during the high-fire season, during the
summer months. Part of the sequences were collected throughout the entire year, particu-
larly during agricultural activities and agricultural burnings. Sequences were collected at
different times of day and under varying weather, atmospheric and illumination conditions.

To ensure a balanced dataset a sufficient number of sequences without smoke were also
included. These non-smoke sequences were carefully selected to represent a wide range of
environmental and illumination conditions, as well as different periods throughout the year.
Among the selected non-smoke sequences, some were deliberately chosen to contain visual
artifacts such as fog, dust, or other environmental conditions that can resemble smoke in
appearance. These challenging scenarios were included to improve the model robustness
and its ability to distinguish true wildfire smoke from similar-looking visual phenomena.
Incorporating such sequences aims to reduce false positives in real-world conditions, where
environmental artifacts often mimic early signs of smoke, thereby enhancing the overall
reliability and precision of the wildfire detection system.

The total number of locations and sequences, including those containing smoke and
those without, allocated to each dataset subset (training, validation, and testing), is summa-
rized in Table 1.

Table 1. Number of locations and collected sequences for training, validation and test data.

Data Locations Sequences Smoke No Smoke
Train 48 234 147 87
Validation 18 53 29 24
Test 13 46 26 20

Representative 640 x 640 samples from the training and validation datasets are shown
in Figure 3. Selected training samples show samples generated from augmented sequences,
with augmentation applied at the sequence level as described in Section 3.4. Validation and
test samples are extracted exclusively from original, non-augmented frames. Examples
from the test dataset are presented in the context of sequence evaluation results in Figure 4.
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The smoke regions were manually annotated on all sequences. Annotations were
created by drawing polygons around primary smoke emissions in our own custom software
tailored for sequence annotation.

3.2. Data Models

Sequences collected from the wildfire surveillance system archive were used to gen-
erate temporal and contextual information to be embedded into the additional image
channels. Two different approaches for encoding temporal information were examined.
The first approach leverages the image acquisition protocol—a short sequence of con-
secutive frames followed by a longer pause between series—to estimate short-term and
long-term temporal memory. The latter is based on short-time foreground estimation.
Additionally, one approach was used to generate contextual information channel.

—

(a) Training sample 1 (augmented) (b) Training sample 2 (augmented)

(c) Validation sample 1 (d) Validation sample 2

Figure 3. Representative samples from training (a,b) and validation (c,d) datasets. Training samples
illustrate the effect of the sequence-aware augmentation strategy. Validation and test samples are
original, non-augmented frames.
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Gora Glusici Goli 2 2024-05-24 06:56:24)

(a) Location Gora Golusiéi Goli, FP detection

b

(c) Location Biokovo, TP and FP detection—subsequently identified as real smoke

Figure 4. Examples of false-positive (FP, red bounding boxes) and true-positive (TP, green bounding
boxes) detections from the test sequences: (a) FP detection of clouds on the horizon; (b) simultaneous
TP detection and FP detection caused by lens flare and sunlight reflections; (c¢) simultaneous TP and
FP detections under overcast conditions with atmospheric haze, where the FP was subsequently
identified as actual smoke missed during manual annotation.
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3.2.1. Long- and Short-Term Memory Encoding

Only the blue channel was used for calculating of the long- and short-term memory
channels, as the scattering of sunlight on smoke molecules in the atmosphere is inversely
proportional to the wavelength [37]. This means that the scattering is greatest in the
wavelengths of blue light, making the blue component of RGB image the most effective for
calculating the temporal image features [16].

Short-time memory is defined as running average of the blue channel, defined as:

Si=(1—a)Si_1 +al?, (1)

where short-time memory S; is the temporal image at time step i, I? is blue channel of
the current frame [;, and « is set to 0.1. This value was selected based on the image
acquisition protocol: with frames captured at one-second intervals, « = 0.1 corresponds to
an effective temporal horizon of 1/« = 10 time steps, which matches the duration of a single
camera stop at a preset position. This ensures that short-term memory S; is predominantly
influenced by frames captured during the current stop, while older frames contribute
negligible weight. Long-time memory L; at time step i is simply defined as temporal
image (1), but without considering frames in the current series, i.e., frames captured during
the last stop of the camera at the observed preset position. The algorithm for computing
long- and short-time temporal channels is illustrated in Figure 5. Long-time memory takes
into the account only frames that are at least 2 min old and it is not affected by most recent
series of frames.

-
S()=Ig

Lozlg

A 4

, \

Stop in preset Jc

Collect
frames from
camera for
10s

[ 5,‘2(1—51)5,'_14'(1.’;9 J : 2 min pause

(visit other preset positions)

)
|

[ Move to next preset }

Figure 5. Short- and long-term memory channels.

The short-term and long-term temporal information were encoded as a dual-channel
image with the same dimensions as the original frame captured from the camera.
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3.2.2. Short-Time Foreground Estimation

Short-time foreground image is based on the running average background subtraction
with the adaptive threshold [38]. Limited temporal window was used for the computation
of the short-time foreground, where only frames from the current stop in the observed
preset position were considered. This short temporal window allows the detection of rapid
subtle changes that characterize early smoke.

Each time the camera stops at the observed preset position, the background image is
reset to the current frame B; = I; and foreground is set to an empty image. Every subsequent
frame updates the background and foreground images. First, difference between current
frame and background image is computed:

Di = [I; — Bj 2)
A foreground F; is a blob of pixels at time step 7, mathematically defined by:
F = {X : Di(x) > Tl-(x)}, (3)

where T;(x) is the threshold value and D;(x) is difference (2) at pixel x. Background is
updated only in the region of the image not included in the foreground:

(1—a)B;(x) +uali(x), forx ¢ F
Biy1 = (4)
Bi(x), forx € F;

with & set to 0.1.

Adaptive threshold is based on the premise that threshold should be higher in the
parts of the scene where there is inherent flickering and change, i.e., in parts that depicts a
landscape whose characteristics are such that even when there are no significant events in
the image, there is a difference in pixel values in successive frames. Threshold is updated
for each pixel using:

A

Tiyi= (1—a)T;+aD; ®)
Tiy = maX(Ti+1/O'7t)/ (6)

where Ti+1 denotes the intermediate threshold value obtained from the exponential smooth-
ing update, and T; is the final threshold after applying the lower-bound constraint. At
the very beginning of the sequence, threshold Tj is set to the initial value ¢ = 0.05 for
all pixels. Adaptive threshold should represent long-term dynamic characteristics of the
observed region in the landscape, not only last few seconds. Thus, threshold T; is computed
using whole history and it is not reset to Ty every time camera stops at the observed preset
position. Equation (6) ensures that the foreground detection threshold cannot become too
low, i.e., it can never fall below 70% of the initial threshold value. The difference D; and the
adaptive threshold T; were encoded as a dual-channel image with the same dimensions as
the original frame.

3.2.3. Distance Channel

Based on the precise location and height at which each camera is mounted, a digital
twin of the camera environment has been developed, featuring an accurate terrain model
for all cameras included in the system. This model enables the calculation of the distance
of each pixel in the image, that is, the distance of the terrain represented by that pixel
from the camera itself. Distance, given in meters, is normalized by a fixed value of 25,000.
Pixels representing a distance greater than 25 km are assigned a value of 1. This saturation
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threshold reflects the maximum operationally relevant detection range of the surveillance
system, beyond which smoke is rarely discernible under typical atmospheric conditions.
This distance information is encoded as a single-channel image with the same resolution as
the original frame taken from the camera, representing a relative distance map.

By combining the original RGB frames and the above-described approaches for gener-
ating temporal and contextual information, seven different data models were constructed:

1. RGB—Original RGB image taken from the camera;

2. Temporal image—Three-channel image consisting of the blue channel of the current
frame and two channels representing short-term and long-term memory, as defined
in Section 3.2.1.

3. RGB + Temporal—Five-channel samples consisting of the original RGB image and
two channels representing short-term and long-term memory.

4. RGB + Distance—Four-channel samples containing RGB image and relative distance
from the camera for each pixel.

5. RGB + Temporal + Distance—Six-channel samples consisting of the original RGB
image, short- and long-term memory, and relative distance for each pixel.

6. RGB + Foreground—Five-channel image, consisting of RGB channels and two addi-
tional channels defined in Section 3.2.2: D; (2) representing difference between the
current frame and short-term background, and T; (5) representing long-term dynamic
characteristics of the image.

7. All channels (RGB + Temp. + Dist. + Fgr.)—Eight-channel data samples consisting of
the original RGB image and all additional channels defined above.

For the evaluation of the proposed data models, separate dataset for each model was
generated from the sequences collected from the archive of the wildfire surveillance system.
The baseline dataset containing RGB samples was also generated and used for comparative
analysis of other data models.

3.3. Data Model Evaluation

Fixed-size data samples of 640 x 640 pixels were extracted from the original sequences.
For sequences containing annotated smoke regions, the samples were generated by posi-
tioning a 640 x 640 window around the labeled smoke region with a random horizontal
and vertical shift, ensuring that the target phenomenon is present within the extracted
sample. When generating positive samples, i.e., samples containing smoke, care was taken
to ensure that at least 4 s had elapsed between two frames used to extract smoke samples
to avoid adding nearly identical smoke representations.

Negative samples were created from both sequences with smoke and sequences with-
out smoke, by randomly positioning 640 x 640 window over a region without smoke. When
selecting negative samples, areas of image at the top of the frame, typically representing
sky above the horizon, and the bottom region of the image, representing terrain near the
camera, were skipped. Frames spaced by at least two minutes were used to generate
negative samples. Additionally, for sequences containing smoke negative samples were
not taken after the first occurrence of smoke in the sequence.

For each unique point in the spatio-temporal coordinates, that is, for each individual
640 x 640 window in a specific frame, a total of 7 data samples were generated according
to the previously defined seven data models. In this way;, it is ensured that all datasets
contain an equal number of samples, with each sample generated from the same region
in a particular frame, having a counterpart in each of the datasets. Separate datasets
were generated for training, validation and testing. Division of locations used to collect
sequences into the non-overlapping subsets ensures that samples in training, validation
and test datasets are completely distinct, i.e., they represent geographically separated
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landscapes. The test dataset was set aside and not used until the final evaluation of
the models on the original high-resolution sequences. Number of positive and negative
samples in training, validation, and test datasets are given in Table 2. The training set was
generated in two ways: (a) without data augmentation, shown in the first row of Table 2,
and (b) with data augmentation applied, shown in the second row of the same table. A
detailed description of the augmentation procedure is given in Section 3.4.

Table 2. Number of extracted 640 x 640 patches.

Data Samples Smoke No Smoke
Train (no augmentation) 9077 5238 3839
Train (augmented) 74,502 37,251 37,251
Validation 1694 847 847
Test 1854 927 927

Compiled datasets were used to train standard YOLOVS architecture. To accommodate
multichannel input images with C channels, the only architectural modification required
was adjusting the input layer to accept tensors X € RFXWXC instead of the standard
X € REXWX3 Four YOLOv8 models (nano, small, medium and large) were trained for
each data model. In this experiment, YOLOVS architecture was used because of its good
performance in small object detection. The aim of this evaluation step was to select the
data model most suitable for early smoke detection. For this experiment, the training
dataset generated without data augmentation was used in order to train and evaluate a
large number of YOLO models (28 models in total) within an acceptable time frame. The
average training time for a single model was approximately 6 h, resulting in a total training
time of roughly 168 h for all 28 models in this first evaluation stage. All experiments were
conducted on two NVIDIA Tesla T4 graphics accelerators, each equipped with 16 GB of
VRAM. Evaluation of the trained models was conducted on the validation dataset with the
aim of selecting the best data model for early smoke detection.

3.4. Multichannel YOLO Training on Augmented Dataset

Based on the evaluation conducted in the previous step, the best data model was
selected. In the subsequent phase, the best-performing model was retrained on a larger
dataset. To increase the training dataset size, augmentation techniques were used. The
extended training dataset was generated only for the data model selected in the previous
step—i.e., for the data model that yielded the best results when YOLOvV8 models were
trained on the smaller, non-augmented dataset. As part of generating the extended dataset,
RGB samples were also generated. This dataset was used to compare performance of stan-
dard YOLO architecture trained on multichannel data versus the same architecture trained
on the RGB images. Augmentation was not used for generating the validation dataset and
the testing dataset. These datasets consistently contained only original samples generated
directly from the sequences obtained from the archive throughout the entire study.

When applying augmentation techniques, particular attention was given to the specific
approach for generating samples from the sequence of images. Specifically, augmenting
individual frames would introduce inconsistencies in the temporal channels, since those
channels encode information derived from the entire sequence history. Changes resulting
from frame-level augmentation—including illumination shifts, geometric transformations,
and camera shake simulation—affect temporal channels in ways that cannot be easily
modeled or compensated analytically. Augmentation must therefore be applied consistently
at the sequence level. Therefore, a specific augmentation strategy was developed to increase
the training dataset, based on two fundamental premises:
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1. No changes can be applied directly to channels based on the dynamic properties of
the image, i.e., calculated from a sequence of successive images. All modifications can
only be applied to the original RGB images retrieved from the camera.

2. All augmentation procedures applied to a sequence of images must be consistent with
possible changes that could realistically occur between two consecutive frames. For
example, any augmentation based on changes in image geometry must be applied to
all images in the sequence in the same way and with the same parameters.

Based on the above premises, for each sequence in the training dataset, an augmenta-
tion pipeline was implemented using 3 separate sets of transformations:

1.  Sequence transform—set of transformations applied to the entire sequence. Transfor-
mations were applied to each frame in the sequence with exactly the same parameters
for all transformations in the set.

2. Series transform—set of transformation applied to all frames in a series, i.e., to a set of
consecutive frames captured at one-second intervals during a single stop at a preset
position. This set of transformations reflects changes that may occur during a period
of approximately two minutes, which is the time it takes for the camera to return to
the same preset position. Transformations were applied to each frame in the series
with exactly the same set of parameters.

3.  Frame transform—set of transformations applied to each frame in the sequence with
the randomly generated parameters. These transformation correspond to the changes
that can occur in one second.

The augmentation pipeline was started a total of 7 times on all sequences in the
training dataset. Sequence transform settings for each augmentation pipeline are provided
as columns in Table 3. The first row of the table defines a fixed scaling factor, set to 2 in
the second pipeline run, 0.6 in the third run and fixed to 1 (original size) for other runs.
The remaining rows represent the probability of a particular transformation being used in
Sequence transform set in the observed augmentation pipeline run. In each augmentation
pipeline run, the probability of applying one of the transformations was fixed to 1, while
the probability of applying other transformations is given in the corresponding column
of the table. For example, in the first run, a horizontal flip was applied to all images, the
frame size was fixed to the original resolution, while the probability of applying other
transformations was set to 0.2. In the second and third runs, a fixed scaling factor was
established, and the probability of other transformations was set to 0.2. The same approach
was used in the remaining four runs of the augmentation pipeline.

Table 3. Augmentation strategies: sequence transform parameters for different transformation in
each augmentation pipeline run.

Transformation 1 2 3 4 5 6 7
Scale 1.0 2.0 0.6 1.0 1.0 1.0 1.0
Random scale 0.0 0.0 0.0 0.2 0.2 0.2 0.2
Horizontal flip 1.0 0.2 0.2 0.2 0.2 0.2 0.2
Rotate 0.2 0.2 0.2 1.0 0.2 0.2 0.2
Perspective 0.2 0.2 0.2 0.2 0.2 1.0 0.2
Optical distortion 0.2 0.2 0.2 0.2 1.0 0.2 0.2
HSV 0.2 0.2 0.2 0.2 0.2 0.2 0.6
Random brightness 0.2 0.2 0.2 0.2 0.2 0.2 1.0
Random gamma 0.2 0.2 0.2 0.2 0.2 0.2 0.6

The set of transformation included in the Sequence transform set, along with the pa-
rameters for each of the included transformation, were randomly selected at the beginning
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of each augmentation pipeline run, i.e., at the first frame in the sequence, and were fixed
for all frames in the sequence. Data augmentation was implemented using Albumentations
library [39].

Series transform set was applied to a series of consecutive frames captured during
a single stop at the observed preset position. Series transform augmentation was based
on RandomFog transformation, applied with the probability of 0.5 and the fog density
coefficient with upper limit set to 0.15. This low fog density simulates realistic atmospheric
changes that may occur within the approximately two-minute interval required for the
camera to return to the same preset position. In addition, a Frame transform based on
the ISONoise augmentation was applied independently to each frame in the sequence
to simulate sensor noise. Each augmentation run employed independently randomized
transformation parameters, ensuring diversity among the augmented sequences.

Samples for the extended training dataset were extracted from the augmented se-
quences on-the-fly, without the generated sequences themselves being stored. The same
procedure was followed for sampling as it was used for obtaining samples from the original
sequences. When extracting positive (smoke) samples, a minimum temporal gap of 4 s
between two frames from which the sample were generated was enforced. For the negative
sample, a temporal gap of 2 min was enforced and no sample was extracted after the
first occurrence of the smoke in sequence. The total number of positive samples in the
augmented dataset is shown in the second row in Table 2. The total number of samples
in the extended training set is approximately 8 times greater than the number of sam-
ples generated without augmentation, corresponding to the original sequence and seven
augmented variants. Samples were generated only for the data model that demonstrated
the best results in the previous step (training on the limited dataset). In addition to this,
standard RGB image samples were also generated. Each sample in the extended training
dataset represents a unique point in the spatio-temporal coordinates and has a counterpart
in both datasets (multichannel and RGB).

The multichannel YOLOv8 model was trained on the extended dataset for the selected
data model. RGB data samples were used to train YOLOvS, YOLOv11, and YOLOv12
architectures. Training on the augmented dataset was conducted for four model sizes
(nano, small, medium, large) for each combination of data model and YOLO architecture.
In total, sixteen models were trained on the extended dataset. A comparative analysis
of the performance of all trained models was conducted on the validation dataset. It
should be noted that YOLOv11 and YOLOvV12 were released during the later stages of this
research and were included as additional baselines trained on standard RGB data. Their
inclusion serves to demonstrate that the performance gains of the proposed 5-channel
spatio-temporal data model hold even when compared against more recent and advanced
architectures, thereby strengthening the central hypothesis that encoding spatio-temporal
information into additional image channels improves detection performance independently
of the underlying architecture.

3.5. Evaluation on High-Resolution Sequences

The final evaluation was conducted by simulating a real production environment of
the wildfire surveillance system. In this experiment, sequences from the test dataset were
used, collected from set of geographically distinct surveillance locations that were not used
for collecting data samples for the training or validation datasets. The test dataset was not
used in any of the previous steps. Data collection from geographically distinct locations
ensures that the experimental evaluation was conducted on landscapes and environments
that none of the trained models had previously encountered.
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The experiment was conducted by retrieving frames from the sequence in the order
they were stored, with appropriate time intervals between consecutive images, which
corresponds to the actual operating conditions where images are retrieved from the camera
in the same manner. Acquisition of images from the camera is described in detail in
Section 3.1. All trained YOLO models were applied to the original frames from the test
sequences without any pre-processing and at full resolution (1920 x 1080) to fully simulate
the production environment of an early wildfire detection system.

3.6. Evaluation Metrics

For early wildfire detection, both limiting false alarm rate and lowering the number
of missed detections are critical. Therefore, the models developed in this work must
simultaneously achieve high precision and high recall. Precision measures the proportion
of true-positive (TP) wildfire detections relative to the total number of predicted detections
and reflects the model’s ability to suppress false positives (FP), thus increasing operational
trust in automated alerts. Recall quantifies the proportion of correctly detected wildfire
smoke instances relative to the total number of instances, i.e., manually labeled instances
of smoke by a human expert, and indicates the model’s capability to minimize missed
detections. Precision—Recall (PR) curves are used to illustrate the trade-off between these
two metrics across different confidence thresholds. Lower confidence thresholds generally
increase recall while allowing for more false positives, whereas higher thresholds reduce
false detections but risk missing true events. The F1-score, defined as the harmonic mean
of precision and recall, is used in this work as a primary indicator of overall detection
performance. It is expressed as

Precision - Recall
Precision + Recall

FL=2 )

In the first two evaluation stages (Sections 3.3 and 3.4), the F;-score, Precision, and
Recall were obtained using the Ultralytics YOLO validation framework on the validation
dataset. In the final evaluation step, experiment was conducted on 46 high-resolution
sequences in the testing dataset that had not been presented to the algorithm until that
point. For detection models that utilize temporal channels, temporal information was
computed on-the-fly, during the analysis of each individual sequence and compiled into
the multichannel data samples, which were then fed to the detection algorithm. Evaluation
metrics were computed using a custom evaluation pipeline that aggregates true positives,
false positives, and false negatives for each sequence. In this step, the simulation envi-
ronment also tracked the model responsiveness, defined as the delay between the first
ground-truth appearance of smoke in the sequence (hand-labeled by a human expert) and
the first true-positive detection.

In addition, inference speed was evaluated, defined as the time required to process
a single frame on the target hardware accelerator. Given the intended integration of the
proposed models into an operational wildfire surveillance system, inference latency is a
key metric determining system scalability. Inference performance is evaluated only in the
final stage, where high-resolution input images are used to reflect deployment conditions.
Although absolute latency in real deployments may vary, relative performance trends are
expected to scale consistently.

4. Results

This section presents the results of the experimental evaluation. The evaluation process
was conducted in three steps, as described in Section 3. First, the effectiveness of the
YOLOvVS8 model trained on different multichannel data models was compared. In the

https://doi.org/10.3390/fire9040175


https://doi.org/10.3390/fire9040175

Fire 2026, 9, 175

18 of 28

second stage of evaluation, the YOLOvV8 model was trained on the multichannel dataset
that yielded the best results in the previous step. In this step augmentation was used to
enlarge the training dataset. The obtained results were compared with those achieved by
training the YOLOvVS, YOLOv11, and YOLOv12 models on RGB data. In the first two steps,
the effectiveness of the all detection algorithms was evaluated using the validation dataset.
In the final step, evaluation was conducted on sequences from test dataset at full resolution,
designed to simulate real deployment conditions and assess operational responsiveness
using the proposed delay metric.

4.1. Data Model Selection

In order to select optimal multidimensional data model for early wildfire detection, all
generated multidimensional datasets, described in Section 3.2, were evaluated by testing
detection performance of four YOLOv8 models (nano, small, medium and large) for each
data configuration. All models were evaluated using validation dataset. Evaluation results
in terms of F;-score for all YOLO models and datasets are given in Table 4, with each row
corresponding to one multidimensional dataset. Top two results for all dataset-YOLO
model combinations are highlighted in bold. The F;-score for different combinations of mul-
tichannel data and YOLO models clearly shows that multidimensional datasets containing
channels based on dynamic changes in scene enable more accurate predictions compared
to datasets that contain only spatial-domain information (original RGB image and original
image with per-pixel distance). Moreover, datasets that include dynamic information based
on short-term and long-term memory, as defined by Equation (1), outperform the data with
temporal information based on short-term foreground extraction. The highest F;-scores
were achieved by training YOLO models on a 5D dataset that combines RGB image with
short-term and long-term temporal information (1) based on blue channel of the image,
and on the 8D dataset that contains all channels in both spatial and temporal domains.

Table 5 shows the average precision for all combinations of datasets and YOLO models,
with the top two results highlighted in bold. The best results were achieved by training on
a five-dimensional dataset comprising RGB data and temporal information derived from
the blue channel. The results from Tables 4 and 5 are graphically presented in Figure 6.

Table 4. F; measure for different multichannel datasets, trained on raw data (no augmentation),
evaluated on validation dataset.

Num.Ch. Nano Small Medium Large
RGB 3 0.38 0.38 0.39 0.42
Temp. 3 0.45 0.43 0.43 0.42
RGB+T. 5 0.44 0.43 0.46 0.45
RGB + Dist. 4 0.34 0.37 0.36 0.36
RGB + TD 6 0.45 0.43 0.43 0.43
RGB + Fgr. 5 0.42 0.44 0.41 0.43
RGB + TFD 8 0.43 0.44 0.46 0.45

Table 5. Average Precision (AP@0.5) for different multichannel datasets, trained on raw data (no
augmentation), evaluated on validation dataset.

Num.Ch. Nano Small Medium Large
RGB 3 0.310 0.323 0.330 0.345
Temp. 3 0.378 0.370 0.375 0.359
RGB+T 5 0.380 0.388 0.414 0.407
RGB + Dist. 4 0.263 0.290 0.279 0.280
RGB + TD 6 0.389 0.374 0.378 0.363
RGB + Fgr. 5 0.358 0.383 0.352 0.368
RGB + TFD 8 0.374 0.390 0.408 0.387
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Figure 6. F| measure and Average Precision for different multichannel datasets, trained on raw data
(no augmentation), evaluated on validation dataset. From left to right: RGB images (3 channels);
Temporal image (3 channels); RGB + Temporal image (5 channels); RGB+distance (4 channels);
RGB + Temporal + distance (6 channels); RGB+Foreground (5 channels); RGB + Temporal + Fore-
ground + distance (8 channels).

It can be observed that the model that includes pixel-to-camera relative distance
alongside RGB channels performed worse than the RGB-only model. This may result from
the normalization step, which hinders clear interpretation of distance values relative to RGB
color channels, as well as from errors and noise in distance maps that are often difficult to
perfectly align with the actual camera field of view. The observed degradation suggests that
naive inclusion of distance information is insufficient without precise geometric alignment
and calibration, which remains a challenging problem in real-world deployments.

4.2. Training on Augmented Data

Evaluation of the models trained on non-augmented datasets showed that the best-
performing multidimensional data configuration was obtained by combining the original
RGB images with short-term and long-term memory based on the blue image channel. In
this step an extended training dataset was generated using augmentation procedure de-
scribed in Section 3.4. Training data samples were generated for the selected 5-channel data
model as well as for the standard RGB data. Four standard YOLOv8 models (nano, small,
medium and large) were trained on 5-channel data. YOLOvS, YOLOv11 and YOLOv12
model were trained on the RGB data. The effectiveness of all trained models was compared
on the validation dataset.

Table 6 presents the F; score results for all models, with two best results highlighted in
bold. Average precision for all models is shown in Table 7. Graphical representation of the
results from Tables 6 and 7 is shown in Figure 7.

Table 6. F; measure for YOLOVS trained on 5D spatio-temporal data vs. YOLOv11 and YOLOv12
trained on 3D RGB data, evaluated on the validation dataset.

Dataset Nano Small Medium Large
YOLOvVS Spatio-temporal 5D 0.49 0.51 0.50 0.52
YOLOvVS8 RGB 3D 0.41 0.44 0.46 0.46
YOLOv1l RGB3D 0.43 0.46 0.45 0.45
YOLOv12 RGB3D 0.46 0.47 0.44 0.46
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Table 7. Average Precision (AP@0.5) for different multichannel datasets.
Dataset Nano Small Medium Large
YOLOvVS8 Spatio-temporal 5D 0.46 0.47 0.47 0.49
YOLOvVS RGB 3D 0.35 0.39 0.40 0.40
YOLOv1l RGB3D 0.36 0.42 0.40 0.40
YOLOv12 RGB3D 0.40 0.40 0.39 0.40
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Figure 7. F; measure and Average Precision for YOLOvS spatio-temporal 5-channel, YOLOvVS8
RGB, YOLOv11 RGB and YOLOv12 RGB trained on an augmented dataset and evaluated on a
validation dataset.

The experiment results clearly indicate the benefits of compiling temporal information
into additional image channels, as YOLOvS8 models trained on multichannel data clearly
outperform all models trained on RGB data.

4.3. Evaluation on Sequences

The final evaluation stage assesses model performance under realistic deployment
conditions, using full-resolution sequences from geographically distinct surveillance loca-
tions not used in any prior training or validation step. YOLO models evaluated in this final
experiment are the same models that were trained on the augmented training dataset in
the previous step.

The evaluation was performed separately on each of the sequences from the testing
dataset. Frames from a sequence were taken in the order they were retrieved from the
camera and used to compute long-term and short-term memory. This temporal information
was compiled on-the-fly with the original RGB channels and fed into the YOLOv8 models
trained on 5-channel data. Inference was performed on full-resolution images. Detection
was also performed on the original RGB image frames using YOLOvS8, YOLOv11 and
YOLOv12 models trained on augmented dataset in the previous evaluation step.

Figure 8 shows Fj-score over confidence thresholds for all models. A wider F;
curve—i.e., a broader range of confidence values over which the model achieves high
performance—indicates greater stability and lower sensitivity to the choice of detection
threshold. The best result in F;-score was achieved by YOLOv8 medium model trained on
5-channel spatio-temporal data. This model has an F;-score exceeding 0.8 for a threshold
interval of approximately 0.2 to 0.6, indicating that it provides relatively high precision and
recall for this range of confidence values. Relatively good results were also achieved by
other YOLOvV8 models trained on 5-channel data. YOLO models trained on RGB images
generally achieved lower results, with the YOLOv12 model performing the best among
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3-channel models, but with a narrower F; curve, indicating a higher sensitivity to the choice
of detection threshold.

F1 vs Confidence Threshold - YOLOv8 RGB-T 5C F1 vs Confidence Threshold - YOLOv8 RGB 3C
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Figure 8. Fj-score for different confidence thresholds for YOLOvS8 models trained on 5-channel
spatio-temporal data, as well as YOLOvS, YOLOv11 and YOLOv12 models trained on RGB images.
The evaluation results on full-resolution sequences collected from a separate set of surveillance
locations (not used for training or validation) are presented. (a) YOLOVS trained on 5-channel data
(RGB + Temporal); (b) YOLOVS trained on RGB data; (¢) YOLOv11 trained on RGB data; (d) YOLOv12
trained on RGB data.

The higher F;-scores on test sequences compared to validation results are attributable
to the sample-extraction protocol. Validation patches (640 x 640 px) excluded the top of the
frame (sky) and the bottom region (near-camera terrain). Full-resolution sequence evalua-
tion includes these regions, which trained models seldom misclassify, thereby inflating the
aggregate Fj-score. This discrepancy is an inherent limitation of patch-level evaluation: by
excluding easily classified regions such as sky and near-camera terrain, patch-level metrics
do not fully reflect real-world performance. Consequently, patch-level and sequence-level
results should not be directly compared; patch-level evaluation serves primarily as a model
selection criterion, while sequence-level evaluation on geographically distinct test locations
provides the most reliable assessment of operational performance.

To assess the suitability of all models for deployment in real-world wildfire detection
system, detection delay was measured on the test set of sequences. We define detection
delay as the time elapsed from the first appearance of smoke in a sequence to the corre-
sponding first true-positive (TP) detection, measured in seconds. The ground truth for the
first appearance of smoke in a sequence is defined as the frame in which a human expert
first annotated smoke. It should be emphasized that this first sign of smoke may be very
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difficult to spot. When annotating sequences, human experts were allowed to navigate
backward through the sequence after first marking of smoke on a frame, and trace the
same smoke to earlier frames. It should be noted that, since human experts were allowed
to trace smoke backward through the sequence after the initial annotation, the first frame
with GT smoke tag may represent an earlier and more challenging detection point in which
it would be very difficult to detect smoke in real time. Consequently, “no delay” detections
should be interpreted as cases where the algorithm matched the expert’s retrospective
annotation, which represents a particularly challenging detection point for an automated
system operating in real time without the ability to review past frames retrospectively.

When measuring detection delay, smoke occurrences that could be continuously
tracked across multiple frames in a sequence were treated as independent instances. Mul-
tiple independent smoke events could occur within a single sequence, especially during
agricultural burnings. There were 86 such independent instances across all test sequences.
Further, for a detection to be considered as a successful true positive (TP), a 10 min limit was
imposed, based on the assumption that the first 10 min represent the critical early phase of
wildfire in which timely detection can significantly affect suppression success. Detections
delayed by more than ten minutes were accounted for as false-negative (FN) detections.

The detection delay measurement results for different combinations of YOLO models
and data models are presented in Table 8. The first column shows the number of TP
detections, followed by the number of FN detections in the first 10 min. The “No delay”
column represents the number of detections where smoke was detected on the same
frame annotated by an expert, i.e., the number of detections with no delay. The last
two columns represent the mean delay and the maximum detection delay for the successful
detections. When computing detection delay, the interval between two consecutive frame
series captured during consecutive stops at the observed preset position was fixed at
2 min. For example, if the detector did not detect smoke in a series of frames captured
at one-second intervals but detected it in the next series, the elapsed time between these
two series was counted as 2 min. In practice, this interval may vary slightly between
sequences, but such variation has a negligible effect on the experimental results.

In terms of the ratio of true-positive detections, models trained on 5-channel data
yield, on average, 2 to 5 percent better results compared to other models trained on RGB
images. Even small improvements in early wildfire detection can have disproportionately
large real-world impact, as each additional early detection increases the likelihood of
successful containment. Although the YOLOv12 model shows slightly lower true-positive
detection rates, it is interesting to note that it achieves shorter detection delays for successful
detections. This difference may be attributed to the attention mechanism integrated into
YOLOV12, which may enable faster localization of subtle smoke regions once a detection
is triggered.

Representative examples of true positive detections and misclassifications observed
during the sequence evaluation are shown in Figure 4. The most common sources of false
alarms include clouds and sunlight effects. FP detection shown in Figure 4a represents
clouds near the horizon at distances exceeding 25 km, which could potentially be sup-
pressed using the available per-pixel distance map. FP detections in Figure 4b include
lens flare and sunlight reflections. These types of false alarms tend to be temporally clus-
tered in morning hours at east-facing camera positions and evening hours at west-facing
camera positions, suggesting that temporal post-processing could reduce their occurrence.
In Figure 4c, simultaneous TP and FP detections under overcast conditions are shown.
Subsequent careful inspection revealed that this FP detection corresponds to actual smoke
that was missed during the manual annotation process, suggesting it in fact represents a
true positive.
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Table 8. Successful detections and detection delay. Columns from left to right: TP detections, FN
detections, the percentage of TP detections, the number of detections with no delay, mean delay in
seconds (s), maximum detection delay (s) for the successful detections.

RGB-T 5C Detected Missed Rate No Mean Max
YOLOvS (TP) (FN) (%) Delay Delay Delay
Nano 54 32 62.8 44 74.4 210
Small 59 27 68.6 48 67.3 210
Medium 57 29 66.3 47 74.1 315
Large 57 29 66.3 50 46.3 210
RGB 3C

YOLOvS

Nano 56 30 65.1 41 77.5 315
Small 55 31 64.0 44 96.6 316
Medium 59 27 68.6 50 70.6 315
Large 51 35 59.3 42 105.6 316
RGB 3C

YOLOv11

Nano 56 30 65.1 44 105.4 316
Small 55 31 64.0 41 98.1 525
Medium 51 35 59.3 41 84.6 525
Large 53 33 61.6 46 45.6 105
RGB 3C

YOLOv12

Nano 53 33 61.6 44 36.2 110
Small 57 29 66.3 52 42.6 105
Medium 52 34 60.5 44 40.4 105
Large 54 32 62.8 46 27.0 105

The Fj-score vs. inference latency on full-resolution images, as shown in Figure 9,
provides the assessment of the detection algorithm usability for real-time smoke detection.
Each curve corresponds to one of the trained YOLO models (YOLOvS using 5-channel
spatio-temporal data samples, and YOLOvS, YOLOv11 and YOLOv12 trained on RGB im-
ages), with Fj-score vs. latency indicated for four models sizes (Nano, Small, Medium and
Large). Latency is consistent and as expected across all models: the simplest model detects
fastest, followed by more complex models with increasing parameter counts. YOLOv11 is
generally the fastest, as expected due to its optimizations for edge devices [19]. Attention
mechanics used by YOLOvV12 [20] give it a slight edge in qualitative results compared to
older YOLOv11 and YOLOvVS. However, these attention mechanics also heavily slow it
down, making even its nano version slower than the YOLOv11 small model. Compar-
ing YOLOvV8 models based on RGB images and the same models processing 5-channel
spatio-temporal data samples, it can be seen that the 5-channel models have slightly higher
inference time. However, this difference is not significant. On the other hand, the F;-score
for the 5-channel models is significantly better compared to all other models based on
3-channel RGB images.
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Figure 9. Fj-score vs. inference latency for different data models and YOLO versions. Time in
seconds on the x-axis refers to the processing time of a single frame from the full-resolution sequences
(1920 x 1080).

5. Discussion

The experimental results demonstrate that encoding spatio-temporal information di-
rectly into additional image channels consistently improves early wildfire smoke detection
compared to models trained on standard RGB images. The following discussion analyses
the observed performance differences between data model configurations, situates the
proposed approach within the broader context of related work, and considers its practical
implications for operational wildfire surveillance systems.

Among the evaluated data models, the 5-channel spatio-temporal configuration com-
bining RGB images with short-term and long-term temporal memory based on blue channel
consistently achieved the best results, outperforming other compiled data models, including
the temporal data model based on short-time foreground estimation. The memory-based
temporal encoding appears better suited for this problem than foreground estimation, likely
because it captures changes at two complementary temporal scales that align naturally
with the image acquisition protocol. Long-term memory preserves the scene state from
the previous camera visit to the observed preset position, approximately two minutes
earlier, enabling the detection of changes that accumulated over this interval—including
more pronounced smoke expansion. Short-term memory captures faster changes occurring
between consecutive frames at one-second intervals, while its slow update rate prevents
rapid scene fluctuations from dominating the signal. This dual-scale temporal encoding
is tailored to the acquisition protocol of the present surveillance system; systems with
different capture procedures—such as continuously streaming cameras without inter-series
pauses—would require a corresponding re-parameterization of the temporal memory.

Contrary to expectations, the inclusion of the per-pixel distance map did not improve
detection performance and in fact slightly degraded results compared to the RGB baseline.
Although preliminary results from our prior work [16] suggested a potential benefit of
contextual distance information, evaluation on the larger dataset with a more rigorous
experimental design did not confirm this finding. Several factors may contribute to this
outcome: camera calibration in remote outdoor environments is inherently imprecise,
preventing accurate alignment between the terrain model and the camera field of view.
Additionally, camera shake and gradual shifts in camera orientation caused by prolonged
outdoor exposure introduce further misalignment over time. Nevertheless, encoding
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contextual information in alternative forms—such as terrain contour or land cover type
derived from GIS data—may offer a more robust approach and is identified as a promising
direction for future research.

Direct numerical comparison with results reported in other wildfire smoke-detection
studies is not straightforward, as the available benchmarks differ substantially in dataset
characteristics, detection distances, and evaluation protocols. The present study specifically
targets very early smoke detection at large distances under real operational conditions,
arguably a more challenging setting than some other published datasets [1,6]. Nevertheless,
a qualitative comparison with related approaches is informative. Methods that explicitly
model temporal dynamics, such as CNN-LSTM architectures [35,36] or the SmokeyNet [12]
model combining LSTM and vision transformer components, have demonstrated improved
detection performance over purely spatial approaches. However, their computational
complexity makes them unsuitable for processing multiple high-resolution streams simul-
taneously or for deployment on resource-constrained edge devices [28]. For this reason, the
proposed approach encodes temporal information into additional input channels rather
than performing sequential intra-frame inference, preserving the simplicity and compu-
tational efficiency of standard single-stage detectors while achieving improved detection
performance—making it well suited for large-scale operational deployment.

The low inference latency demonstrated on full-resolution sequences confirms the
suitability of the proposed approach for real-time processing of multiple high-resolution
video streams in large-scale surveillance systems. Since the proposed method operates
by enriching the input data rather than modifying the network architecture, it is com-
patible with any CNN-based object detection framework—including potentially more
efficient architectures than those evaluated in this study, such as lightweight single-stage
detectors optimized for embedded hardware. This opens the possibility of deployment
on resource-constrained edge devices, such as embedded hardware installed directly at
remote monitoring locations, which would reduce network bandwidth requirements and
enable faster local response. The analysis of false-positive detections revealed that the most
common sources of false alarms—clouds near the horizon, sunlight reflections, and atmo-
spheric haze—exhibit characteristic spatial and temporal patterns that could be exploited
by post-processing strategies to further reduce false alarm rates in operational systems.

The present study focuses on a specific surveillance system with a well-defined image
acquisition protocol, and the proposed temporal memory encoding is tailored to this proto-
col. For systems with different acquisition procedures—such as continuously streaming
cameras, different frame rates, or varying inter-series intervals—the data model, particu-
larly the definition of long-term memory, would need to be adapted accordingly. Similarly,
application to other detection problems would require adjustment of the temporal and spa-
tial scale of the encoded information to match the characteristics of the target phenomenon.
Future research will explore alternative forms of contextual information encoding, such
as terrain contour and land cover type derived from GIS data, which may provide more
robust contextual cues than the distance map evaluated in this study. Additionally, the
evaluation of other deep learning architectures beyond the YOLO family, adaptation of the
approach for nighttime fire detection, and potential architectural modifications aimed at
better exploiting the specific information contained in the additional channels are identified
as promising directions for further development.

6. Conclusions

This work addresses the challenge of detecting smoke—the first visible sign of
wildfire—at the earliest stage, at extended distances, and under potentially poor visi-
bility conditions. The fundamental idea behind the proposed study is that the data used
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for training is at least as important as the machine learning algorithm itself, if not more so.
The study examined various approaches for encoding spatial, temporal, and contextual
information into a multidimensional dataset, expanding the information contained in the
original image captured by the camera at a unique point in spatio-temporal coordinates.

Experiments were conducted by training standard YOLOVS architectures on different
multidimensional data models and comparing the results with those obtained using the
same YOLOVS architecture on standard RGB images captured by the camera. The scientific
soundness of the experiments was ensured by a rigorous approach to dataset creation,
in which the training, testing, and evaluation datasets were obtained from completely
separate monitoring locations. Experimental evaluation demonstrated that the 5-channel
spatio-temporal data model— combining original RGB images with short-term and long-
term temporal memory—achieves the best results and outperforms newer YOLOv11 and
YOLOV12 architectures trained on standard RGB images. Furthermore, by enriching the
training data rather than modifying the network architecture, the proposed approach avoids
significant increases in model complexity and training time while preserving the inference
speed required for near-real-time deployment in operational wildfire monitoring systems.

The main contribution of this study is the innovative model for encoding temporal
information into additional image channels, which enables the use of standard machine
learning models without significant increases in training complexity and inference time.
Furthermore, a technique for augmenting the temporal sequence of images has been pro-
posed that takes into account the interdependencies and changes within the sequence.
Although this study focuses on the early detection of wildfires, the proposed data mod-
eling approach could also be useful in other problems where temporal or contextual
information can enhance the effectiveness of detection algorithms without significant inter-
ventions in the algorithm’s architecture and without considerable increases in complexity.
This is particularly relevant for domains where the target phenomenon lacks clearly de-
fined spatial features, appears at large distances, or is observed under degraded imaging
conditions—such as maritime surveillance, small object detection in aerial imagery, traffic
monitoring in adverse weather, and other applications involving rapidly changing environ-
ments. By integrating temporal information directly into the data, the need for multi-step
image analysis can be avoided, which often includes background subtraction or other area
of interest extraction procedures.

Future research will involve the analysis and examination of additional data models,
evaluation of other deep learning architectures with multichannel image data, and the
adaptation of architectures aimed at better leveraging the specific information contained in
the additional image channels, while maintaining the simplicity and efficiency of architec-
tures oriented toward static data. In the field of wildfire detection, the same approach will
be attempted for detecting fires at night.
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