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Abstract

This paper introduces FireVision, a novel detection platform and model designed for real-time fire
detection and monitoring. The platform employs automatic drone flights to capture high-resolution
images across both suburban and forest environments. It uses ensemble deep learning inference from
Mask R-CNN weak learners to trigger alerts. These inferences are enhanced by the accurate detection
capabilities of ResNet-50, ResNet-101, and ResNet-152 classifiers, which can be deployed either in the
cloud or on the drone’s edge co-processing units. The authors also implemented an index, called the
Fire Criticality Index, that uses detection bounds and masks to indicate the criticality of a fire event, as
well as an automated drone path-planning algorithm for detecting a fire critical event. The authors
conducted experiments with their proposed model using a mask-annotated dataset comprising of
12,000 images. They evaluated the model’s accuracy and inference speed across various cloud and
edge computing setups. The experimental results revealed that ResNet-101 outperformed ResNet-50
by 5-12.5% in maP@0.5 mask accuracy and demonstrated an 18% increase in inference time when
executed on the cloud and a 27% increase on the drone edge device GPU. For the ResNet-152 compared
to ResNet-101, the map@0.5 increased by 0.5-1.2%. However, the ResNet-152 inference time was 9x
slower in the cloud and 1.3x slower on the GPU.

Keywords: fire detection system; drone flight algorithm; deep learning; ensemble learning; object
detection; instance segmentation; edge computing

1. Introduction

Wildfires are one of the most significant challenges of the modern world, affecting various sectors,
including the environment, economy, and public health [1,2]. Their occurrence has a profound impact
on human health, as a variety of harmful substances are released into the atmosphere, including partic-
ulate matter (PMj5), toxic pollutants, and volatile organic compounds, all of which have been linked
to increased human sickness and mortality [3-5]. Additionally, wildfires devastate the environment,
natural landscapes, resources, and infrastructure, resulting in substantial environmental and economic
losses, as well as long-term effects on ecosystems and agricultural production [6]. In many instances,
wildfires endanger buildings and entire communities, often leading to tragic loss of life, especially
in wildland—urban interface areas [7,8]. The human factor significantly contributes to the escalation
of this issue, as a considerable percentage of wildfires are caused by human negligence or improper
practices [9]. Many of these disasters result from deficiencies in prevention efforts and misplanning,
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as well as technological challenges in continuously monitoring large areas. This pinpoints the urgent
need for early detection and effective wildfire management strategies [10-13].

Numerous efforts have been made to address wildfire detection; however, recent studies confirm
the need to transition from traditional sensor-based systems to approaches based on deep learning.
These methods offer faster and more accurate detection, the ability to monitor and cover larger
areas, and a reduced number of false alarms, which are often triggered in sensor-based systems by
environmental factors such as humidity, dust, and exhaust gases [14,15]. Moreover, deep learning
systems based on image or video data can operate effectively in real time, making them particularly
suitable for large-scale early wildfire detection applications [10].

Approaches to wildfire detection using deep learning include image analysis and techniques
such as image classification, object detection, and instance segmentation (pixel masking). Among the
most widely used approaches are object detection [16] models, such as YOLO [17], as well as instance
segmentation methods [18], such as Mask R-CNN [19]. Recent studies comparing the accuracy and
speed of these models indicate that, although YOLO-based models outperform in terms of inference
speed and are well-suited for real-time applications, instance segmentation methods such as Mask
R-CNN achieve higher accuracy in detecting small-scale or structurally complex objects, providing
more precise localization of fire regions [20-22]. Implementations of Mask R-CNN provided by the
torchvision library [23] (ResNet-50 implementation only), community-contributed repositories of
implementations [24], and high-performance instance segmentation frameworks like Detectron2
by Facebook Al [25] are open-source, accessible, and extensible tools for deploying these models in
wildfire detection systems.

For this reason, and given that the present study focuses on early fire and smoke detection,
the Mask R-CNN model was selected, as it enables accurate localization and detailed pixel-level
segmentation of regions of interest. Specifically, this study compares three variants of Mask R-CNN
that use Residual block classifiers. That is, employing ResNet-50, ResNet-101, and ResNet-152 [26,27]
as backbone networks for their proposed fire detection model, which differ in terms of architectural
complexity. The evaluation focuses on both detection accuracy and model inference time.

Regarding the monitoring of smoke and fire incidents using dense sensor grids, a set of require-
ments must be met that include connectivity (ZigBee, Wi-Fi, NBloT or LoRaWAN), sensing devices
autonomous operation (battery operated and use of photovoltaic panels for charging even in dim
light), accessibility to the installation location, maintenance, and cost (reliable low cost sensors of
minimum calibration efforts). Depending on the placement density of autonomous sensing devices, a
forest fire can be classified according to [11] to classes A-F, and by using LSTM and GRU models [28],
the fire event can be either detected or its evolution can be locally predicted. Smoke incidents can be
detected utilizing sensors that measure particulate matter (PMy 5/ PMjg), humidity, infrared, baromet-
ric pressure, and gases (CO, CO,, Volatile Organic Compounds - VOCs). In addition, for fire detection,
temperature, heat, gas, flame, and Go-based sensors are used [29]. These sensors are low-cost, low-
power, and suited for dense deployments, enabling continuous, near-real-time operations. For urban
installations, sensory maintenance and proximity are feasible; however, in non-urban environments,
particularly in forest environments, sensors” autonomous operation, proximity, and maintenance are
challenging and require significant human effort for drone-based sensing.

The effectiveness of early smoke or fire detection systems is also strongly influenced by sensor
deployment strategies. It has been emphasized in [30,31] that optimal Wireless Sensor Network
(WSN) design is crucial for protecting forest areas and critical infrastructure, and simulations have
demonstrated that optimized sensor placement can significantly reduce response time before a fire
threatens critical infrastructure and can also complement vision-based detection systems. For industrial,
infrastructures, and urban environments, false alarms caused by dust or vapor remain a significant
challenge. To address this issue, a visual sensor that integrates hybrid deep learning sensing techniques
was developed in [32]. This approach focuses on filtering environmental disturbances that visually
resemble smoke, providing a reliable solution for safeguarding critical infrastructures.
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Furthermore, the non-necessity of autonomous sensors in urban and industrial environments
makes sensor deployments a key implementation candidate, with camera-based vision and object
detection as complementary monitoring tools. Specifically, for ATEX (ATmospheres EXplosibles)
environments and military installations, where the use of drones is strictly prohibited. Nevertheless,
this is not the case in forest and non-urban environments, where most catastrophic, uncontrolled fire
incidents occur. This paper focuses solely on this kind of environment for deploying the authors’
proposed architecture.

Focusing on remote sensing, NASA'’s Fire Information for Resource Management System (FIRMS)
system provides periodic fire detections derived from satellite imagery [33]. FIRMS primarily uses
data from the MODIS sensors on the Terra and Aqua satellites and the VIIRS sensors on the Suomi NPP
and NOAA-20 satellites. These instruments acquire thermal infrared imagery multiple times per day,
enabling the detection of active fires based on thermal anomalies at spatial resolutions of approximately
1 km (MODIS) and 375 m (VIIRS), as well as burn area products [34]. Similarly, the European Forest Fire
Information System (EFFIS) [35] uses the EU Sentinel-2,3 satellites for active fire detection by providing
high-resolution optical imagery (10-20 m spatial resolution) through MultiSpectral Instruments (MSI).
Although Sentinel satellite instruments are not optimized for thermal anomaly detection, their fine
spatial resolution multirpectral capabilities are highly valuable for post-fire assessment, burned area
mapping, and identification of fire scars and vegetation damage [36,37].

Satellite-based fire detection methods using multispectral and thermal sensors have also been
explored, enabling large-scale monitoring [38,39]. However, they suffer from limited spatial resolution
and sensitivity to environmental factors such as cloud coverage, often requiring substantial fire spread
before reliable detection is possible [40]. Furthermore, they operate periodically rather than in close to
real time for the acquisition of sensory imagery data, outside the US [41]. Overall, robust vision-based
fire segmentation at the pixel level remains an open and up-and-coming research area with significant
potential for further advancement, particularly with the new hyperspectral image capabilities of new
satellite launches [42], particularly in the EU [43].

Regarding automatic drone flights and edge intelligence, drones, specifically on the DJI Matrice
platform, are achieved through the integration of onboard and payload-level computing, the DJI
Manifold 3 embedded Al computer [44]. The Manifold 3 is based on the NVIDIA Jetson Orin NX
architecture, for real-time execution of deep learning models directly on the drones without reliance
on cloud infrastructure. Therefore, allowing object detection and instance segmentation models for
fire and smoke at the drone level with latencies on the order of milliseconds for object detection
(specifically, YOLO models). In terms of flight coverage, the DJI Matrice 4TD operating within an
automated dock-based deployment can achieve significant area surveillance both per flight and
cumulatively, achieving a maximum flight time of approximately 54 minutes and an operational radius
of up to 10 km. At altitudes around 100-120m, an area of approximately 1.2 km? per frame can be
covered, enabling rapid area scanning, while the zoom and thermal sensors allow targeted inspection
of fire-detected anomalies [45]. When combined with automated recharging and alternating Dock
stations, near-continuous monitoring of large forested regions becomes feasible, effectively bridging
the gap between local high-resolution sensing and persistent surveillance.

In this paper, the authors propose a low-cost architecture that uses cameras and automatically
planned drone flights to monitor non-urban locations and forests for early detection of fire incidents.
Their architecture is supported by a novel model called FireVision. The authors” proposed model
incorporates a two-layer Mask R-CNN approach: first for smoke detection, then for fire detection within
the bounding boxes of masked contours. A fire-expansion classification algorithm enhances the dual-
layer approach called the Fire criticality algorithm, which aims to quantify both the affected area and
the fire intensity through a fire-to-smoke index, the fire criticality index. The comparison of inference
time of the proposed FireVision model is conducted across two distinct execution environments: 1) an
edge computing device (NVIDIA Jetson nano [46]) with limited computational resources, included as
an extension board corposessor on most commercial drones [47,48], and 2) a cloud computing Virtual
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Privacy Service (VPS) systems with GPU processing capabilities. Therefore, it allows assessing the
suitability of each inference environment across different deployment scenarios; edge and cloud-based
inferences. This paper’s comparative analysis also examines the impact of distinct backbone selections
on inference performance and the practical applicability of Mask R-CNN for early wildfire detection in
real-world conditions.

The remainder of the paper is organized as follows: Section 2 focuses on related work in the field
of fire and smoke detection; Section 3 describes the materials and methods used in this study and
the authors” model proposition and algorithmic process for fire detection called FireVision. Section 4
presents the FireVision experimental scenarios and reports the experimental results along with their
discussion; and finally, Section 5 concludes the paper.

2. Related Work

In recent years, due to climate change and advances in remote sensing, the need for early fire
detection has become increasingly critical. As a result, fire detection has attracted substantial research
interest, particularly in the context of deep learning-based visual analysis. In this section, existing
approaches are categorized into three main detection classes. These are fire and smoke detection
approaches, as well as bilateral approaches. Existing methods are organized by detection target and
the underlying technologies employed. A comparative discussion highlights the capabilities and
limitations of current approaches relative to the proposed FireVision detection process.

2.1. Smoke Detection

Since smoke typically appears before visible flames, smoke detection has become a critical compo-
nent of early fire detection. For this reason, recent research has increasingly focused on developing
smoke detection methods, including image detection of either deep learning techniques or wireless
sensing systems using infrared, CO, CO,, and air particle concentration sensors.

Using RGB cameras and deep learning object detection models, one of the main challenges arises
from the air-sustained diffusion and the visually transparent nature of smoke. Early approaches, such
as the DeepSmoke model [49] and the target-aware method [50], focused on distinguishing smoke-
related features from static background information. However, deep learning models’ ability to learn
from new data without losing previously acquired knowledge remains challenging. To address this
limitation, transfer learning strategies combined with Learning without Forgetting (LwF) mechanisms
have been explored, achieving high classification accuracy of around 96.9% for smoke and fire images,
while maintaining previously learned representations [51]. Reusing trained models on large datasets
like ImageNet as a starting point for a new but related task (e.g., wildfire detection) allows leveraging
existing knowledge to improve learning efficiency and performance, especially when labeled data is
limited [52]. Furthermore, Learning without Forgetting (LwF) principles include mechanisms such
as an incremental learning process that combines the standard detection loss for new classes with
an appropriate loss function (distillation loss) that forces the model to produce similar responses
for both old and new classes [53], similar to stranded LSTM models for sensory data inputs [54].
Additionally, selective knowledge transfer from the teacher (old model) to the student (new model)
across classification and bounding-box regression outputs may further alleviate forgetting [55].

The demand for real-time incident response has further driven the development of specialized
architectures and edge-computing approaches that balance detection accuracy and processing speed.
A significant contribution in this area is presented in [56], where the authors utilize an optimized
YOLOV5 model for fire detection in video streams. This is achieved by introducing architectural
modifications, including dilated convolutions within the Spatial Pyramid Pooling (SPP) module of the
YOLO model, which, in turn, significantly improve the detection of small targets, such as early fire
sources or faint smoke occurrences, while maintaining high inference speeds. Moreover, extending
real-time detection capabilities, a transformer-based architecture is introduced in [57]. Unlike the
convolutional neural networks (CNNs), transformer model architectures excel at capturing long-range
dependencies and contextual relationships in visual data. Therefore, the introduced Triplet Attention
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mechanisms refine feature representations and highlight cross-dimensional relations across spatial
and channel dimensions. Additionally, the proposed architecture integrates a High Selectivity Feature
Pyramid Network (HS-FPN) for feature fusion. HS-FPN improves upon standard feature pyramid
networks by selectively integrating and refining features across different resolution levels, yielding
richer, more discriminative representations across different image scales.

2.2. Fire Detection

Thermal imaging cameras play a critical role in forest fire detection systems by capturing infrared
radiation to identify fire hotspots based on temperature, even in the presence of smoke or foliage.
These cameras can detect temperature differences as small as 0.1°C, enabling early identification of fires
before flames become visible. By analyzing temperature anomalies, thermal sensors can differentiate
between solar-heated surfaces and combustion zones, thereby minimizing false alarms caused by
reflective materials or animal heat signatures. When integrated with RGB cameras on multi-spectral
drone platforms, thermal data enables algorithmic cross-verification of visible smoke and elevated
temperature profiles. Furthermore, wireless sensor networks (WSNs) comprised of ground-based
may utilize acoustic sensors that also can detect the distinct low-frequency rumble of fire, as well as
temperature, humidity, and infrared sensors across wide forested areas.

Focusing on the use of RGB images for fire detections, preliminary approaches utilize convo-
lutional neural networks, such as InceptionV3-type architectures, address the problem as a binary
classification task (fire/smoke versus no fire/smoke), achieving satisfactory accuracy but without
providing any spatial information regarding the location or extent of the fire [58]. Subsequently,
research shifted toward object detection and instance segmentation approaches, achieving real-time
or near-real-time performance. Regarding real-time object detection, the widespread adoption of
YOLO-based models [59] as well as two-stage architectures such as RetinaNet, which uses focal loss
to handle class imbalance and is effective in forest fire smoke recognition tasks [60], as well as the
slower-inference but more accurate Faster R-CNN models, or their fast mobileNet alternatives [61].
These methods enable fire localization through bounding boxes and support real-time operation in
both outdoor and indoor environments [62-64]. The high-level characteristics and capabilities of
object detection are presented in Table 1.

Nevertheless, object detection approaches remain limited, as bounding boxes do not accurately
represent the spatial distribution of fire and often include significant non-fire regions. For this reason,
a more suitable representation of fire extent may be achieved through instance-level or semantic
segmentation models, which provide pixel-wise localization. Despite their potential, segmentation-
based approaches, specifically instance segmentation models, remain largely underexplored. A
representative example is the application of Mask R-CNN for fire segmentation. However, this method
is limited to fire-only scenarios, as accurately modelling smoke at the pixel level remains particularly
challenging in both inference and annotation terms. Furthermore, existing approaches rely on small-
scale datasets and do not report standardized evaluation metrics such as Intersection over Union (IoU)
or AP_mask, making objective comparison difficult [65].
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Table 1. Comparison of object detection architectures
Model Architecture Type Speed (FPS) Accuracy (mAP) Real-Time
M P y Suitability / Notes
Balances accuracy
. One-stage detector . . and speed; effective
RetinaNet with Focal Loss Medium High for class-imbalanced
tasks
. Slower than YOLO
Faster R-CNN Two-stage with but more accurate
. lightweight backbone ~ Medium-High Medium .
(MobileNet) (MobileNet) than other mobile
detectors
Slower than YOLO
FI::;T\I‘]::; CNN Two-stage Medium-Low Medium but most accurate
than other detectors
Optimized for
YOLO (v5/v8/v11) One-stage, High Medium-Low real-time; widely
end-to-end detection & . used in wildfire
detection
. Simpler and faster
One-stage with thar{9 RetinaNet but
SSD default boxes High Low .
slightly lower
(anchors) accuracy
High accuracy and
global reasoning but
Transformers (e.g., Attention-based Low Hich slower inference; not
DETR) (encoder-decoder) & yet optimal for
real-time edge
deployment

2.3. Fire and Smoke Detection

Although standalone smoke or flame detection has demonstrated satisfactory performance,
simultaneous detection leverages the complementary characteristics of the two phenomena. Smoke
typically appears during the early stages of a fire, whereas flames are more visually salient under
low-light conditions, making their combination particularly effective for early warning systems.

Recent studies have focused on comparing different versions of the YOLO algorithm, aiming to
identify the optimal balance between accuracy and inference speed. An evaluation of YOLOv5 through
YOLOVS, as well as YOLO-NAS, was conducted on the Foggia dataset [66]. The results indicated that
YOLOV5, YOLOvV7, and YOLOvS achieve a well-balanced performance, while YOLO-NAS outperforms
the others in terms of Recall, reducing missed detections at the cost of lower Precision. This finding is
particularly significant for applications where minimizing false negatives is critical.

Extending the comparison to more recent architectures, recent research [67] examined YOLOV9,
YOLOV10, and YOLOvV11 for smoke and fire detection. The results highlighted YOLOv11n (nano
version) as the most efficient solution, achieving high performance (Precision 0.845, Recall 0.801) with
significantly lower computational cost, making it especially suitable for real-time applications and
embedded systems. Moreover, a new lightweight detection model called FireNet was implemented
in [68]. Firenet uses a single-stage detection process and a structure similar to YOLO-family detectors.
It is an object detection model, not a mask model, achieving mAP@0.5 similar to YOLOv11n(nano)
with a slight 1% improvement in inference speed.

To further enhance discrimination between smoke and flames, particularly when their visual
characteristics (e.g., color and texture) are ambiguous or overlap, modifications to the core YOLO
architectures have been proposed. The YOLOv11-DH3 model was introduced [69], in which traditional
convolutions in the detection head are replaced with Deformable Convolutional Networks v3 (DCNv3).
This approach improves the network’s adaptability to geometric deformations of flames, leading to
more accurate detection in dynamic environments.

The use of larger and more powerful YOLO models has also been investigated. It has been
shown [59] that YOLOv11x (extra large) achieves outstanding performance (mAP50 of 0.901). However,
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smoke detection remains more challenging than flame detection due to the high variability of smoke
textures, often necessitating deeper, more computationally intensive networks.

Another significant challenge in simultaneous smoke and fire detection is the wide variation
in object scale, particularly in drone-captured images, where small fire sources may coexist with
large smoke plumes. To address this issue, an enhanced version of YOLOvS incorporating attention
mechanisms was proposed [70]. By replacing full convolutions with local convolutions in the C2F
module and introducing Efficient Multi-scale Attention (EMA) and BiFormer mechanisms, a substantial
accuracy improvement (93.57%) was achieved in complex forest environments.

Finally, research has also extended to the very early stages of fire ignition. The YOLO-DKM
model [71] aims to detect not only flames and smoke but also sparks. By integrating the SKAttention
mechanism into the backbone and employing dynamic convolutions (DSConv), the model enhances
the detection of extremely small targets, providing a more comprehensive and timely early warning
solution.

3. Materials and Methods

In this section, the authors present the proposed system architecture, the algorithms adopted for
fire and smoke detection, and the metrics used to evaluate their performance.

3.1. Proposed FireVision System

The authors propose an automated wildfire and smoke detection system based on deep learning
models. The architecture is divided into three stages: data collection, data processing, and final
reporting, as shown in Figure 1

Local Edge
Inference

Smoke Detection Fire Detection Fire Criticality

(6) Algorithm

0] 2)

Figure 1. FireVision High Level Architecture

Initially, drone flights are organized using COTS (Commercial Off-The-Shelf) software (see Fig-
ure 1.(1)), such as Mission Planner [72] or QGroundControl [73], or PX4 autopilots [74] or the DJI
bridge [75], using or following the MAVLink XML control protocol over TCP [76,77] (mavlink-router).
For this enterprise setup, a static IP address is required for the LTE drone modem. In the FireVision
cloud setup, this capability is provided via a private IP address using the cloud FireVision VPN service.
These programs provide the capability for precise definition of geographic surveillance coordinates,
ensuring the coverage of large and difficult-to-access areas during the drone flight (see Figure 1.(2)),
where traditional surveillance methods fail to operate effectively, specifically in forests. The system
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provides real-time detection of fire and smoke objects, as well as instance segmentation. This capability
is acquired using two alternative setup cases:

Drone edge inference. Processing is performed directly on the drone’s microprocessor (e.g., Jetson
Nano [46,78,79], where have previously edge potential experimented by the authors in [80]) (see
Figure 1.(3)). The detection results, along with the EXIF position metadata, are then sent to the
cloud (see Figure 1.(4)).

Cloud inference: Raw image data is sent in real-time directly to the FireVision cloud (see Figure 1.(5)),
for object detection and instance segmentation.

In both cases (drone or cloud inferences), the detection and processing steps are the same: a) Store
image meta information of GPS coordinates (EXIF), b) Execute inferences for the Mask-RCNN smoke
model, c¢) Execute inferences for the Mask-RCNN fire model. d) From the detected contours and
mask areas, calculate the Fire Criticality index using the Fire stress algorithm, and e) report back to
the drones navigation process updated GPS monitoring coordinates, as instructed or not by the Fire
criticality or stress algorithm.

For each drone image capture following a predifined pathplanning operation, the EXIF location
data and detection information, along with the detected image, is stored in an SQL database (cloud
case) or SQLite (edge case) (see Figure 1.(6)). This data storage is significantly specifically for the drone
case for the extraction of flight information and its consequtive detections-images, for the process of
reporting (see Figure 1.(9)).

During the image processing stage, a pre-trained detection model is used for model inference
(see Figure 1.(7)), which achieves both the detection and segmentation of the fire and smoke pixels
separately using two different models, pretrained on annotated data for smoke and fire, respectively.
This way, an accurate definition of smoke and fire boundaries and pixel polygons (instances) is
obtained, as well as two values of bounding box and pixel areas for fire and two values for smoke, and
the Fire Criticality Index (FCI) is calculated (see Section 3.4). This entire process should remain in a
fraction of 1-2 seconds.

Following detection, the FCI index calculation according to section 3.4, the fire criticality-stress
index algorithm is executed, updating the drone’s pathplanning course (see Figure 1.(8)). Based on this
algorithm, the final stage involves a set of alternate points of hierarchical routing that the drone must
immediately follow, added in a FIFO queue (Drone Flight Deviation Queue -DFDQ), either directly
for the edge computation or as an HTTP response to an image http request. If a new pathplaning
update is required to be provided to the drone the "update-pathplan" key value is also encoded as
EXIF metadata dictionary of the captured drone image as a binary value 0 or 1, if the drone detects FCI
value or mean FCI value of a polygon-route above threshold as instructed by the end of a revolution
of the Fire criticality-stress algorithm or the end of a closed circular loop waiting for the cloud based
mean FCI calculation.

The drone’s MAVLink positioning and control channel uses 4G/5G via the MAVLink router
messaging service, which is instantiated over TCP port 5760. The infrastructure, coverage, and
system are mainly managed and monitored by the flight control software. The DFDQ’s commands for
drone path plan deviations are automatically appended to the original flight plan queue as a priority
execution plan. Then the original flight resumes. If, however, the drone’s battery is below 12%, the
return-to-HOME process initiates, altering the drone’s path plan and forcing it to return to base.

Finally, the FireVision system dashboard is capable of exporting a detailed report in PDF format
(see Figure 1.(9)), for easier understanding and official documentation. This can be performed either in
close to real-time for cloud inferences, post-processing for inferences, or after the drone acquires the
relevant data. The following section describes the FireVision detection model in detail.

3.2. FireVision Detection Model

The authors propose a new deep learning algorithm for computer vision-based fire and smoke
detection systems called the FireVision model. The core problem identified is that smoke often envelops
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or contains fire in real-world scenarios, leading to significant visual overlap between these classes
during detection. This spatial co-occurrence leads to increased classification errors, as the model
struggles to distinguish between overlapping fire and smoke regions, thereby elevating the overall
loss function that guides the model’s training. The increased loss reflects both misclassifications and
reduced confidence in predictions at the intersection of fire and smoke, presenting a fundamental
obstacle for single-model approaches that attempt to detect both cases simultaneously. To address this
challenge, the researchers adopted a specialized architectural approach inspired by prior work on the
cooperation of multiple sequential deep learning models [52]. Given that fire is often contained within
smoke, the overlap between the two objects significantly increases the classification loss, resulting in
a substantial rise in the overall loss. Consequently, the authors developed two distinct models: one
exclusively for smoke detection and another specifically for fire detection, effectively decomposing the
Firevision process into two stages. Figure 2, illustrates the Firevision detection approach.

AFTER
BEFORE

smoke detection
model inference

fire detection
model inference

BEFORE

temporarily store the
smoke detection [SMoke detection contour|  fire detection model
model inference inference on smoke

contour
:h
¥ .

Figure 2. Two Stage Fire and Smoke Detection Algorithm

2

The Firevision implementation utilizes separate detection models and a two-stage strategy, one
dedicated to smoke detection and another to fire detection. This architectural decision effectively
transforms a multi-class detection problem into: 1. either two parallel detection tasks of fire and smoke,
or 2. sequential detection tasks, initiating the smoke detection and, on the detected smoke contours
above a confidence level, initiating the fire detection model. This way, the Firevision model improves
precision by eliminating inter-class confusion while maintaining the ability to detect both fire and
smoke in a scene through a model ensemble process.

The Firevision implementation models for fire and smoke in this design use Mask R-CNN for
detection, with different ResNets for classification (ResNet-50, 101, 152). The classifier model selection
for the FPN depents on the drone capabilities in terms of GPU installed coprocessor RAM for the edge
computing case and for the cloud case it depends on the inference time and network delay for the object
detection results to reach the drone and perform approipriate actions which is considered real-time
critical with execution times no more than 2 sec. for the inference Since the study involves comparing
three different ResNet architectures (likely ResNet-50, ResNet-101, and ResNet-152 variants), and
each architecture must be instantiated twice (once for fire detection, once for smoke detection), the
evaluation framework requires assessing six distinct models total. This doubled evaluation burden
highlights both the increased resource requirements of the Firevision approach and the comprehensive
nature of the experimental design, which follows, which aims to determine not only whether separate
models improve detection but also which ResNet variant performs best for each specific detection task.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.1534.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 January 2026 d0i:10.20944/preprints202601.1534.v1

10 of 26

3.3. Performance Metrics and Loss Functions Used

This section presents the evaluation metrics and loss functions employed to analyze the training
behavior of the proposed model and to assess its detection and segmentation performance. The metrics
used in this study were selected based on commonly adopted definitions in the literature [81-83]. The
examined precision(accuracy) metrics are presented in Table 2, while the loss measures are presented

in Table 3.
Table 2. Precision metrics used in the proposed FireVision model experimentation
Metric / Loss Description
IoU quantifies the overlap between the
miloU | ToU predicted and ground-truth masks to evaluate

localization at pixel level or bounding box
overlaps accordingly

Average Precision computed at a fixed mIoU
threshold of 0.5, reflecting detection
performance under a lenient instance
segmentation criterion than COCO mask AP

Mask | Bbox mAP 0.5...0.95. It matches predicted masks to
ground-truth masks using mask IoU. It differs
from mAP@Q.5 Bbox, used by Faster-RCNN
algorithms, which utilizes the bounding box
IoU criterion

Table 3. Loss functions monitored in the proposed FireVision model experimentation

Metric / Loss Description

Cross-entropy loss quantifies the discrepancy
Classification Loss between the predicted class probability
distribution and the ground-truth distribution

Smooth L1 loss measuring discrepancies
Bounding Box Regression Loss between predicted and ground-truth bounding
box locations

Pixel-wise binary cross-entropy loss evaluating
Mask Loss segmentation accuracy of predicted masks for
positive region proposals

Binary cross-entropy loss used by the Region
Objectness Loss Proposal Network to distinguish object regions
from background

Smooth L1 loss applied to refine anchor-based

RPN Bounding Box Loss bounding box predictions generated by the RPN

The sum of all classification, localization, and

Total Loss mask-related loss components. (Equation 5)

The evaluation metrics and loss functions adopted in this study are presented in the experimental
scenarios section. In the experimental scenarios, the total loss metric is used and derived according to
Equation (5), where the mAP0.5 accuracy metric is used for models” mask accuracy results according
to Equation (1).

1

mAP@0.5CmaSk — Dvall I ; 1I[mIoU(Mpred, Mgt) > 0.5] (1)
eDva.
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The mAPgos5 denotes the Average Precision computed at IoU threshold set equal to 0.5 and
above, where C denotes the class either fire of smoke (background is the default class).| Dy, | indicates
the total number of images used for evaluation (part of the validation set), and I[-], is the indicator
function, which yields 1 if the condition inside the brackets is satisfied and 0 otherwise. The condition
mIoU(Mpred, Mgt) > 0.5 evaluates whether the mask Intersection over Union between the predicted
mask Mpreq and the ground truth mask Mg, meets or exceeds the 0.5 threshold. Here, the mloU refers
to mask IoU rather than bounding box IoU, computed as the area of overlap between predicted and
ground truth segmentation masks divided by their area of union.

Although instance segmentation networks such as Mask R-CNN operate on color images, the
evaluation of segmentation accuracy is performed on image binary masks. Therefore, for each detected
object, the network predicts a probability map M(x,y) € [0, 1], which is converted into a binary mask
M,(x,y), using a threshold of 0.5:

1, M(x,y) > 0.5,

0, otherwise

Mp(x,y) = )

The ground-truth annotation is also a binary mask Mg(x, y) € 0,1. Then the Mask Intersection
over Union (Mask IoU) is defined according to Equation (3):

_ [Mp N M| _ Zx,yMP(x/y) Mq(x,y)

mlol = =
(MpUMg| Y., [Mp(x,y) + Mg (x,y) — Mp(x,y) Mg (x,y)]

3)

The sequential detections of smoke and fire mAP values are aggregated to an accuracy mAP0.5
value according to Equation (4). The model employs separate detection pipelines for smoke and fire,
each producing independent mAP scores. These sequential detection results are aggregated into a
unified accuracy metric through a weighted harmonic mean, accounting for the relative detection
priorities:

(s +ws) - mAP; - mAPs ) mAPgosf - mAP@0.5s

ws-mADPs + ws - mAP;  ~ mAP@0.5f + mAP@0.5, @
f f f

mAP@0_5mgg =

where mAPgg5f and mAP@0.5; denote the mAP@0.5 scores for fire and smoke detection respec-
tively, and wy, ws represent task-specific weighting coefficients. For balanced evaluation, these weights
are typically set to wy = ws = 1, simplifying to the standard F1-score formulation. This aggregation
ensures that the combined metric penalizes underperformance in either detection task.

The total loss metric used in the experimental scenarios is a cumulative sum of all losses as shown
in Equation (5)

Ltotal = Lcls + Lbox + Lmask + Lobj + Lrpn (5)

where Lcls is the classification loss for object category prediction, Lbox is the bounding box
regression loss, Lobj is the objectness loss of the Region Proposal Network, Lrpn is the RPN bounding
box regression loss, and L, is the pixel-wise mask instance segmentation loss [83].

Frames Per Second (FPS) measures the system’s computational performance. In this study, FPS
is calculated as the inverse of the total inference time needed to run smoke Mask R-CNN detection,
followed by fire Mask R-CNN detection, on a single still image from a drone-mounted camera. For
cloud inferences, the measurement input images have a spatial resolution of 5472 by 3648 pixels (20
MegaPixels (MP)), which corresponds to an uncompressed RGB tensor with 8-bit channel depth,
approximately 57.1 MB of RAW and 6 to 8 MB of JPEG-compressed images for data transmission. For
edge computing inferences, the images have been downscaled to 1280x768 px, to preserve real-time
inference performance, since image tiling is not used. These 1IMP images, raw size of such images is
typically around 3MB (250-900KB JPEG compressed).
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If the total time to process one image through both Mask R-CNN models is Ty, seconds, then
FPS is defined according to Equation (6).

1 1

FPS = =
Tiotal Tlatency + Tsmoke 1 Tfire

(6)

where Tgpoke and Ty are the inference times for the smoke and fire Mask R-CNN models,
respectively. The term Tjaiency applies only to the cloud inference cases (not for edge detections), and
corresponds to the additional time needed to upload the compressed images of fire and smoke to the
cloud. This additional time can be approximated as Tjatency ~ 3—6 seconds per image for SMB JPEG
transmissions over 4G/LTE networks. The approximation used for cloud uploads in this case is the
worst-case one and therefore Tiatency ~ 12 seconds for both smoke and fire images.

3.4. Fire Criticality-Stress Algorithm

Upon object detection using the Firevision model, the proposed Fire criticality-stress algorithm
provides a measure of both the severity of the fire event from the acquired images and its expansion,
expressed in the event area coverage, derived from the drone’s GPS lat-lon values, direct or indirect, as
stored in each image’s extended information (EXIF). The criticality of a fire-smoke event is expressed
by the Fire Criticality Index value (FCI). The criticality index is an aggregative metric that accounts
for both fire and smoke detections, as independent contours detected and masked (instance-pixel
segmented) by the FireVision model, with the base area being the original image acquired by the drone.

Let an input image of width W and height H have a total pixel area of A; = W - H (drone original
image). Let us assume a set of detected smoke contours indexed by i and fire contours indexed by
J- For each smoke detection, let Ay ; denote the bounding box area of smoke detections and A7 ; the

corresponding Mask-RCNN smoke mask area in pixels. Similarly, for each fire detection, let A£ y be the

bounding box area for fire detections and Ai; y the fire mask area. All areas are expressed in pixel units.
The total detected smoke and fire mask areas are computed using Equation (7) and are defined as:

A=Y A A=Y AL 7)
t )

Similarly, the corresponding total bounding box areas enclosing the contour masks for smoke
contours Aj ; and fire contours A{ j are computed using Equation (8).

Ay = ZAZ,Z" A£ = ZA{:,]' 8)
t ]
Then the normalized image coverages of smoke C; and fire Cy are defined using Equation (9):

A, A

CS_E/ Cf_TI

©)
The authors assume that the normalized smoke and fire coverages satisfy the constraints of

Equation (10)
G <1, Cr<1 (10)

If the values are greater than or equal to one, it implies either overlapping contours, duplicated
detections, or erroneous mask predictions. If either condition is violated, an iterative correction
procedure is applied, in which the largest contour (by mask area) associated with each detection is
removed. However, a typical filtering rule is to remove all contours whose area is above 30-70% of the
total image area in px?. This is an expression from dataset experimentation: The smaller the accepted
area sizes of the detected contours, the more accurate the detections are. The coverage terms Cs and
Cy are then recomputed after each removal step until the constraints in Equation (10) are satisfied,
ensuring physically consistent and non-overlapping spatial extents for both smoke and fire detections.
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Then, in order to quantify how densely the detected regions are filled by the corresponding masks, the
density (fill ratio) terms are introduced and calculated using Equation (11):

AS Al
Ds:Asm Df: fm
b+€ Ab+e

(11)

where € ~ 107, a small positive constant preventing division by zero. The overall fire-event criticality
is quantified through the Fire Criticality Index (FCI), defined using Equation (12):

FCI = 100( CyDy + B C:D; + 7 C4Cs ), (12)

where C f and Cs denote the normalized over the image fire and smoke coverages, D f and D; are the
corresponding mask density terms, and «, B, and -y are non-negative weighting coefficients. In this
formulation, & > B is assumed to reflect the dominant contribution of active fire relative to smoke,
while the coefficient v modulates the interaction between fire and smoke presence. Indicative values
that can be used are « = 0.7, = 0.25, and y = 0.05, which significantly prioritize fire extent and
yield smaller contour areas for fire relative to smoke, while still accounting for smoke propagation
and co-occurrence effects. Values that were used in this work are « = 0.7, § = 0.3, and v = 0.
The co-occurrence effects are considered when FireVision is applied to fire detection contours inside
smoke-detected contours. In case of parallel smoke and fire detections on the original drone image,
only « and j coefficients are used.

Equation (12) provides a normalized index FCI € [0, 100] that is invariant to image resolution and
directly comparable across scenes. For example, a small but dense fire occupying 5% of the image
(Cy = 0.05, Dy ~ 0.9) with limited smoke (Cs = 0.02, Ds ~ 0.5) results in a low-to-moderate criticality
value, typically FCI < 20. In contrast, a large-scale event with widespread flames (C¢ > 0.2) and dense
smoke coverage (Cs > 0.3), both exhibiting high compactness, produces FCI values exceeding 60,
indicating a highly critical fire scenario. This scaling allows the proposed index to distinguish between
incipient, developing, and severe fire events in a physically interpretable manner.

A criticality threshold Ty, < 3-5% is used to signify the onset of a fire event. During an automated
drone image-acquisition mission along a predefined GPS trajectory from point A to point B, the Fire
Criticality Index (FCI) is assessed at the initial anchor A. If FCI(A) > Ty, a secondary exploration
mode is triggered. This mode initiates a spiral flight pattern centered at point A to estimate the spatial
extent of the affected area in physical units (m? or km?). This process constitutes a core component of
the Fire Criticality algorithm, facilitating adaptive, event-driven area-expansion assessment. When the
threshold is surpassed, the drone temporarily deviates from its nominal path and follows a piecewise
square-spiral trajectory among the predefined straight line flight trajectory from point A to point B,
separated by a Euclidean distance d 45. The spiral motion is executed through sequential displacements
toward the North, East, South, and West, forming closed square-polygonal coverage regions in polar
latitude-longitude coordinates relative to A. The initial spiral step, which determines both the square
edge and the forward distance step towards the direction of B, is defined by Equation 13.

RO:R;:d‘%B, keN, k>2, (13)

where k is a user-defined control coefficient parameter. The value of k may be either: a) a fixed
value R}, following a fixed step square-spiral motion policy or b) an adaptive increase policy starting
with a high value of k, let kg = 16, which is decreased by a value of one, after each full drone square-
polygon revolution and forward move (multiplicative increase of R} spiral step). That is, a step length
increase-only policy for each step i distance R}, k = k;, i = 1...n, using the Equation (13), and R as a
starting step point. Then Vi € N, 2 < k; < ko, monotonically increase each step’s length R?.

Each spiral revolution i consists of a pattern of four directional moves (North, West, South, East),
forming a coverage square used for new image acquisitions, detections, and FCI re-evaluations, each
time the drone reaches a vertex. If the criticality at a square polygon vertex falls below Ty, the spiral
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exploration is terminated, and the drone resumes its nominal flight toward point B. Otherwise, the
spiral step R} is repeated, either fixed in length or multiplicatively increased, to refine the estimate
of the affected area until the termination condition is met. The exact quantity R} is used both as the
radial extent of the spiral square around the current anchor and as the forward step length along the
A — B direction.

For example, a drone flies at an altitude & m above ground, and the nominal mission segment
has assigned flight position anchors A — B separated by distance d 45 = 10 km. If the FCI is above
threshold in A, then the spiral descent towards B initiates with a spiral step of the same value for both
(i) the spiral-square edge length and (ii) the forward advance distance towards B. This step value is
calculated using Equation (14):

d .
R = I:‘B, ko=16,i=1...n (14)
i
where k; is a selected fixed value for the fixed-length update policy. For the adaptive update
policy, the control parameter k; value is reduced after each completed spiral revolution and forward
move so that k; = k;_; — 1. This way, it is guaranteed that the spiral motion is strictly upscaling. (i.e.,
the next step length is always larger than the previous one). Therefore it is enforced an R} > R} ,,

together with the remaining-distance calculation fori = ntoB,d;/™ > R}_;, where dﬁg , the remaining

distance from A to B: d’{ = dap — };_ . Since an increasing-step policy can become infeasible

i= 0 k
near the end of the AB segment (when 7y’ becomes small), we introduce the termination condition

close to point B, let it occur at i = n:

Ifdyg <Ri,= kﬂ = terminate spiral exploration and resume nominal flight to B.  (15)
i+1

If the termination condition occurs, then a final spiral revolution may occur for one last time, using

a predefined control parameter A (fixed value). If this parameter A added to d’{}y increases by an

amount significant enough to overcome the the limitation imposed from Equation (15), then a last

square spiral occurs without forward steping, based on Equation (16):

d
R, ; = min (d”m + A, Rz+l) with: di2% =dyp — Z Ri, Ri = ﬁ (16)
1

If the 4™ + A > R?, then we perform one last square surveilance prior to returning to point B using
Equation (17):
rem

ki1 =ki—1, RS, = min(dl—k’:::A, é‘i) 17)
Equation (17) ensures that for the square spiral revolution i = n, R} ; > Rj, and therefore
Equation (15) condition is fulfilled. It also guarantees safe progression toward B, since J is used only
once and prevents A from driving the drone beyond B by not implementing the forward step. The
algorithm upon 7 + 1 square spiral surveillance completion will not exceed the remaining AB forward,
and then it will return directly to B.

Each spiral square revolution i, generates a closed coverage polygon-shape (cartesian coordinates
square shape), formed by four directional checkpoints (North, East, South, and West) located at a
radial distance R; from the current location anchor. The resulting polygon is a square box whose edges
are both equal to R;. Therefore, the area of the polygon generated at the n-th revolution is given by
Equation (18)

apty = RulRo) _ gz ) (18)

Assume a drone flies at an altitude i = 100 m on a nominal segment from anchor A to anchor

B with d4p = 10 km and detects a fire incident. Let us assume it is configured to respond using a
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fixed-length spiral increase and a fixed control parameter k = 8. Then the step is a constant value
R = dATB = 1250 m, and A = 0. Thus, the drone reaches B exactly after 8 forward steps (revolutions).
Let d;°" be the remaining distance before executing step R? and df"" = d 4. The fixed-step sequence
is:
: d
Rev(i) | k | RS (m) = 448 | @rem (m) | A; (km?)

8 1250 8750 1.562
1 8 1250 7500 1.562
2 8 1250 6250 1.562
3 8 1250 5000 1.562
4 8 1250 3750 1.562
5 8 1250 2500 1.562
6 8 1250 1250 1.562
7 8 1250 0 1.562

therefore, the mission segment terminates at B after n = 7 (eight square revolutions in total).
For the same flight, the adaptive increase policy is performed using Equations (14)—(17), with
AB

A = 250 m. It initiates with kyp = 16 so that Ry = i 625 m. After completing the n revolution,
0

we compute the remaining distance d;f" = dap — Y/ R}, If the termination condition dn < R,

holds. Then the drone performs a final step R, ; = 4,7} and returns to B exactly. Otherwise, the next

admissible step is selected by:
R'rl+] = min(d:fm + A, Rn+1), A =250m

and mapped to an integer via Equation (17). The resulting sequence until reaching B is:

Rev(i) | ky | RE (m) = %42 | drem (m) | A (km?)
0 |16 625.0 9375.0 0.39
1|15 666.7 8708.3 0.44
2 |14 714.3 7994.0 0.51
3 |13 769.2 7224.8 0.59
4 |12 833.3 6391.5 0.69
5 |11 909.1 5482.4 0.82
6 [10| 10000 4482.4 1.0
7 19 1111.1 3371.3 1.23
8§ |8 1250.0 21213 1.56
9 |7 1428.6 692.7 1.77
10 | 6| 16666 |692.7+250=09427, direct > B| -

with a A = 250m, the i = 10 revolution with k; — 1 =6 = % = 1666.6m. Therefore the drone
will not perform a final tenth revolution and will return to B.

The fixed-step policy (k = 8) provides uniform spatial sampling along the trajectory from A to B.
This results in identical coverage polygons at each revolution, with a constant area of A, = 1.562 km?.
This consistency builds trust in systematic scanning and offers clarity in scenarios where fire spread is
assumed to be spatially homogeneous. However, this fixed policy does not adjust its spatial resolution
based on the event’s primary occurrence. This could lead to redundant or excessive coverage in
low-risk areas.

In contrast, the adaptive incremental policy dynamically increases the spiral radius and forward
step in response to sustained critical conditions of the first fire detection event. This results in
progressively larger coverage polygons, ranging from 0.39 km? to 1.77 km? in the given example. This
approach enables rapid expansion of the surveyed area when severe fire conditions persist, while
still allowing detailed inspection near the initial triggering location and its neighborhood. Therefore,
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the adaptive policy strikes a better balance between local detail and large-scale coverage, making it
more suitable for real-time fire-front mapping and area expansion estimation. Additionally, in both
cases, the explicit termination rule ensures safe, finite convergence to the destination anchor B, thereby
enhancing operational robustness during autonomous missions.

3.5. Dataset and Annotation Process

The data used in this study were obtained from the dataset presented in [84]. This dataset was
originally annotated in the YOLO format and could not be used directly in the Firevision training
process. For this reason, pixel-level image mask annotations were performed. Using the existing
annotations as an initial reference, the images were first categorized into object and no-object classes
to facilitate detection, particularly when an object appears very faint or occupies a very small spatial
extent within the image. Subsequently, for images known to contain an object of interest, manual
annotation was carried out using the LabelMe annotation tool [85]. The overall annotation and dataset
preparation workflow is illustrated in Figure 3.

Raw Data
Image Annotation

(Labelme)

Smoke-only for each dataset
,L Dataset independently
itioni foreach | o vertion from
Dataset partitioning Class Pruning Based Train / Validation/ | folder | =0 = e vt
by class on Dataset Type Test Split g COCO

Fire-only
Dataset

Two datasets derived
from the same source
data

Figure 3. Annotation and dataset preparation workflow.

After completing the annotation process for all images containing objects, the dataset was split
into two distinct subsets: one for smoke detection and one for fire detection, each used to train
two separate models, as described previously. Following this separation, the non-relevant class was
removed from each subset to ensure that the resulting datasets contained exclusively smoke or fire
samples, respectively. Each dataset was then divided into training, validation, and test sets, with
70% allocated to training and the remaining 30% split evenly between validation and testing. The
corresponding JSON annotation files were included in each split.

Finally, the LabelMe annotation files were converted to the COCO format, which is the annotation
standard adopted in this work. Through this process, two task-specific datasets were derived from the
original dataset, each tailored to one of the two detection models.

4. Experimental Scenarios

Three experiments have been performed on the FireVision-implemented models and path-
planning algorithm during a fire-critical event. The experimental scenario I, aims to evaluate the
segmentation accuracy of arbitrary detections from Firevision models and ResNet-50, ResNet-101, and
ResNet-152 classifiers for fire and smoke, respectively, using mask mAP@0.5 and total loss metrics as
described in section 3.3.

The experimental scenario II involved the use of a drone co-processing GPU delivered by a
companion computer unit to provide edge inferences, as simulated by a Jetson Nano device [47,48,79].
The NVIDIA Jetson Nano is a low-power embedded artificial intelligence platform designed for edge-
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based deep learning and computer vision applications. This device features a quad-core ARM Cortex-
ADb7 central processing unit (CPU) operating at up to 1.43 GHz and 4 GB of LPDDR4 system memory,
shared between the CPU and the graphics processing unit (GPU). The integrated GPU, based on the
128-core NVIDIA Maxwell architecture, delivers up to 472 GFLOPS of computational performance,
enabling real-time execution and approximately 25.6 GB/s of memory bandwidth to facilitate high-
throughput image processing and neural network inference [46,78]. For cloud-computing inferences,
Oracle Cloud Infrastructure (OCI) was used with a minimal VM configuration of 12 x86-64 CPUs and
16GB of memory [86].

Finally, the experimental scenario III provides a proof of concept for the FCI metric, offering
inference examples and real FCI values from images in the testing evaluation dataset. It also illustrated
the two proposed flight policies that are triggered in the event of a fire incident. The following
subsections present the authors” experimental results for the aforementioned scenarios I, II, and III
accordingly.

4.1. Experimental Scenario I Results

The training process ran for 100 epochs, with an initial learning rate of 0.005, dynamically adjusted
by a CosineAnnealingLR scheduler. Specifically, the learning rate was gradually decreased to 10-°
over the first 50 epochs and then held constant for the remainder of the training. The batch size was
set to 16 for all training cases, resulting in more stable metric behaviour. The dataset was partitioned
and processed following the procedure described in Section 3.5. Table 4 presents the mask map@0.5
and bounding box results for the fire and smoke models, as well as the total loss, classification loss,
and mask loss values accordingly.

Table 4. Validation Loss and mAP@0.5 of ResNet backbones for Smoke and Fire Detection

Smoke Detection model Fire Detection model
Measure ResNet-50 ResNet-101 ResNet-152  ResNet-50 ResNet-101 ResNet-152
Total Loss 0.596 0.575 0.525 1.030 0.925 0.901
Mask Loss  0.380 0.366 0.312 0.435 0.401 0.386
Classification ) -, 0.050 0.042 0.156 0.096 0.089
Loss
Mask
1AP@0.5 0.574 0.646 0.649 0.409 0.430 0.435
Mask 0.477 0.516 0.52 0.477 0.516 0.52
mAP@O 5 158
Bbox
MAP@0.5 0.73 0.77 0.785 0.57 0.60 0.61

Evaluation metrics (see Table 4) indicate that ResNet-152 outperforms both ResNet-50 and ResNet-
101 in terms of total loss and m AP@0.5. Specifically, for smoke detection models, ResNet-101 reduces
the total loss of ResNet-50 by 3.25%, and ResNet-152 achieves an 11.9% reduction compared to ResNet-
50. Additionally, the total loss of ResNet-152 is approximately 2% lower than that of ResNet-101.
In terms of mask mAP@0.5 values, ResNet-101 demonstrates a 12.54% improvement over ResNet-
50. However, ResNet-152 achieves only a 0.46% increase relative to ResNet-101, suggesting that
performance gains are approaching saturation.

Similarly, for the fire detection model, the total loss decreases by 10.2% from ResNet-50 to
ResNet-101 and by 12.5% from ResNet-50 to ResNet-152. For Mask m AP@0.5 values, a 5.13% increase
is observed for ResNet-101 compared to ResNet-50, while the accuracy gains between ResNet-152
and ResNet-101 are only 1.16% increased. Overall, while ResNet-101 exhibits a clear performance
advantage over ResNet-50, the incremental gains of ResNet-152 remain limited, especially given its
substantially higher computational cost.
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To provide a more comprehensive comparison, the authors selecteda recent related study from the
literature. In Choi S. et al. [87], Table 6 reports a bbox mAP@0.5 of 0.71 and an instance segmentation
mask mAP@0.5 of 0.64 for the Mask R-CNN model with a ResNet-50 backbone on large images. Given
that the FireVision models for smoke achieve a bounding-box m AP@0.5 of 0.73 and a mask m AP@0.5
of 0.57, the results are comparable. For the Firevision models of fire, the results are 0.41 for the mask
mAP@0.5 and 0.57 for the bounding box m AP@0.5. This is a limitation of the dataset: Fire mask
annotations are smaller than smoke annotations. This, of course, leads to significantly lower values of
mask mAP@0.5, around 35% lower than the best class results for large objects. The authors note this as
a limitation of their annotated dataset, which will be addressed by either enriching it with additional
fire images or by super-resolution of existing fire images to provide larger annotated fire contours.
Nevertheless, in [87], the comparison using small images gives a mask mAP@0.5 value of 0.107 and a
bounding box m AP@0.5 value of 0.143, which is at least 70% smaller than the FireVision fire model’s
mAP@0.5 values for detection of bounding boxes and masks.

4.2. Experimental Scenario 1I Results

The experimental scenario II evaluates the cloud and edge instance segmentation inferences of
the smoke and fire models. The examined process includes images that present a single contour of
smoke detection, followed by a single contour of fire detection. To present the worst-case scenario for
edge and cloud computations, the two separate detections apply to the original images. The inference
image sizes for cloud inferences are set to high-resolution 20MP images (5472x3648). The inference
image sizes for cloud inference are 1280x768, close to 1IMP (300-900KB JPEG), to preserve real-time
drone inference capabilities. Furthermore, using the same image for 10MP (cloud) and 1MP (edge)
detections, the FCI calculations are shown. It should be noted that, due to the memory limitations of
the NVIDIA Jetson Nano device, experiments could not be conducted using the same image resolution
as in Experimental Scenario 4.1. For this reason, additional benchmark experiments were conducted to
examine whether image resolution has a significant impact on the results.

Using the pre-trained models from Scenario 4.1, a similar experimental setup was employed to
evaluate the edge performance of the models on the NVIDIA Jetson Nano GPU, in comparison to the
performance of the cloud VM. The inference time measurements, the FCI calculation time, and the
memory usage for each model are summarized in Table 5.

Table 5. Two stage detection inferences, FCI time, memory usage and FPS of ResNet-50, ResNet-101 and ResNet-

152
Load & Inference FCI Calculation = Memory Usage

Backbone Model Time (sec) Time (sed) (MB) FPS
Cloud ResNet-50
(57323648 px) 0 0.02 2555.1 0.062
Cloud ResNet-
101 (5732x3648  4.75 0.03 3132.3 0.060
PX)
Cloud ResNet-
152 (5732x3648  44.6 0.88 6575.6 0.017
pX)
Edge ResNet-50
(1280x768 px) 042 2.16 1036.9 0.014
Edge ResNet-101
(1280768 px) 04 2.19 12102 0.011
Edge ResNet-152
(1280x768 px) L1048 23 18185 0.008
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According to the results of the total inference time of smoke and fire detection and memory usage
reported in Table 5 for both cloud and edge deployment scenarios, several important observations
can be drawn. More specifically, in the cloud-based detection scenario, the transition from ResNet-
50 to ResNet-101 results in a mean 18.75% increase in inference time, whereas ResNet-152 requires
approximately 9x longer inference times than ResNet-101. In contrast, for edge-based detections,
the inference time increases by 27.3% from ResNet-50 to ResNet-101, while the difference between
ResNet-101 and ResNet-152 show a time increase of approximately 29%. As a result, edge-based fire
and smoke detection can no longer be considered real-time, but rather near real-time, making data
transmission to the cloud more efficient than performing inference locally on the drone’s co-processing
unit.

Furthermore, in the cloud-based detection scenario for high-resolution images (20MP), the models’
memory consumption reaches particularly high levels, necessitating a reduction in image quality
for edge inference, given that the available edge GPU system memory is limited to less than 4GB.
Specifically, for the ResNet-152 backbone, edge inference on super-resolution images is not feasible
because the memory requirements exceed the available co-processing unit system memory.

In Table 6, the smoke concentration (Cy, see Equation (9)) and the smoke density (D, see Equa-
tion (11)) measures are evaluated, using the best performing cases in terms of execution time of
ResNet-50 and ResNet-101. The results are presented for 1IMP (1280x768) and 10MP (5732x3648)
images accordingly. The purpose of this evaluation is to estimate detection differences using the
same model on images of different resolutions. Therefore, the smoke model is applied to the same
image originally captured at 5732x3648 px and then downscaled to 1280x768 px to avoid high memory
utilization during inference of high-resolution images (above 3000MB), which can lead to memory
exhaustion on the drone edge computing device.

Table 6. Smoke density and concentrations of ResNet-50 and ResNet-101 models using 10MP and 1MP images

Backbone Model Smoke Density Smoke Concentration
ResNet-50 (5732x3648 px) 0.67 0.02
ResNet-50 (1280x768 px) 0.66 0.02
ResNet-101 (5732x3648 px) 0.85 0.14
ResNet-101 (1280x768 px) 0.83 0.14

Focusing on the ResNet-50 and ResNet-101 models for cloud and edge model inferences, and
concentration and density measures calculated values for each case, it is obvious that high-resolution
images do not offer significant changes as expected for these metrics, since the denominator for
both measures is the image pixel area for the concentration and the bounding box area for the
density measure, which also proportinally decrease on image down-scaling. Furthermore, the lost
pixel-area information does not trigger different FCI measure responses when inferred from low-
resolution images down to 1280x768 px. Nevertheless, using ResNet-101 instead of ResNet-50 increases
the density measure by 30% and, significantly, the concentration measure, regardless of the image
resolutions examined.

4.3. Experimental Scenario III Results

Following an FCI event during the drone’s predetermined flight from point A to B, the fire
criticality-stress index algorithm may utilize two different route path-planning survaelances: one with
a fixed step and one with adaptive incremental steps, as illustrated in Figure 4. In this experiment,
the original drone course was from its home base H to A (1at=39.805232, lon=20.659988) and then
to B (1at=39.783158, lon=20.679147). The straight-line distance AB = 2950.27 m. The Mavlink router
service, instantiated on TCP ports 5760 and 5761, was used to communicate with, receive, and send
commands to the drone [77], while its course was illustrated using a Google Maps custom UL The
fire notification event was triggered at point A where the FCI value exceeded the threshold value of
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0.5. Then, depending on the policy used, the drone automatically performs either a fixed-step-length
square spiral move towards B (see Figure 4a) or an adaptive, incremental-step-length square spiral
move towards B (see Figure 4b).

(b)

Figure 4. Example illustration of the automatic drone maneuvers as indicated by the fire criticality algorithm in

case of a fire detection event. (a) Fire criticality-stress algorithm deviation of the original drone course in case of a
fire incident using a fixed step policy. (b) Fire criticality-stress algorithm deviation of the original drone course in
case of a fire incident using an adaptive incremental step policy

For the fixed-step spiral motion, the parameter used was k=5, which led to a fixed step of 590m
(A = 0). The fixed motion results are presented in Table 7.

Table 7. Square-spiral drone moves. The square edge is of fixed length

Step Remaining to B (m) Area (km?) Flight coverage (m)
0 2950.2 0.3481 2950
1 2360.1 0.3481 5900
2 1770.1 0.3481 8850
3 1180.1 0.3481 11800
4 590.23 0.3481 14750.2

The total coverage area of the fixed-step motion is 1.75 km?, and the flight coverage in meters the
drone actually covered was 14750.2m. For the adaptive incremental step spiral motion, the parameter
used was kg=10, which led to an R step value of 290m. The § = 250m was also used in this experiment.
The motion results are presented in Table 8.

Table 8. Adaptive square spiral drone moves. The square edge length R is adaptively increased

Remaining to B Drone flight

Step (m) i Rj (m) Area (k') coverage %m)
0 2950.2 295.0 0.0870 1475
1 2655.1 327.8 0.1075 3114
2 2327.3 368.8 0.1360 4958
3 1958.6 421.5 0.1777 7066
4 1537.1 491.7 0.2418 9524
5 1045.4 590.0 0.3481 12474
6 307.9 7375 05439 15424

- - - - 15732.9

The total coverage area of the adaptive increase step motion is 1.64 km?, and the drone flight
coverage in meters was 15732.9m.

The fixed-step square-spiral policy uses a constant square edge of 590 m, resulting in a very
regular, predictable scanning pattern. As shown in Table 7, each step covers the same ground footprint,
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so the total covered area grows linearly with the number of squares. The cumulative flight distance
required to achieve this coverage is 14.75 km, which is relatively efficient because each meter flown
contributes almost uniformly to new terrain being scanned. This regularity also simplifies mission
planning and battery budgeting, since both coverage growth and energy consumption per step are
constant and easy to predict.

In contrast, the adaptive incremental-step policy starts with smaller squares and gradually
increases the square edge length as the drone approaches point B. This strategy allows denser
inspection near the start of the fire incident, and progressively coarser coverage farther along the path.
However, as seen in Table 8, this adaptivity comes at the cost of efficiency: Although the drone flies a
longer total distance (15.73 km, about 1 km more than the fixed policy), it covers a smaller total area
(1.64 km?). Therefore, for applications where maximizing surveyed area per unit of flight distance is the
primary objective, such as wide-area wildfire monitoring, the fixed-step spiral is the better policy. The
adaptive policy is advantageous only when non-uniform spatial resolution is required, for example,
when higher inspection density is needed near the starting region or first-time event occurrence, as
indicated by the FCI index values.

5. Conclusions

The authors propose a system of automated flights combined with deep learning Mask R-CNN
models with ResNet backbones, named FireVision. Two main models are employed by the implemen-
tation: One for fire detection and one for smoke detection. Those models can be arbitrarily used either
in parallel or sequentially. Furthermore, the system uses indicator measures of fire and smoke phe-
nomena that account for their concentration and density, expressed as image pixels. Combining these
two metrics yields a new metric, the Fire Criticality Index (FCI). When the FCI exceeds a predefined
threshold, it triggers a modification of the automated flight path using the proposed Fire Criticality
Index-stress algorithm. This algorithm aims to estimate the actual surface area of such a critical event,
which is subsequently georeferenced to the GPS coordinates of polygon survey areas.

The authors conducted experiments with the FireVision deep learning models in two distinct
deployment scenarios: 1) Edge inferences provided by drone co-processing units and 2) cloud infer-
ences. The authors also examined different ResNet backbones, including ResNet-50, 101, and 152,
trained on a mask-annotated dataset of 12,000 images, partitioned into 8,500 smoke images and 4,200
fire images. Based on their experiments, the authors identify the ResNet-101 model as the one that
offers a high mask map@0.5 accuracy at inference time, making it the candidate model for cloud-based
inferences in their FireVision system. For edge-based inference, the authors note the ResNet-50 model’s
low inference time and the adequate mAP values it achieves compared to the existing literature.
Nevertheless, the ResNet-101 model is expected to provide 3—5% more accurate results, at the cost of
27% more inference time, which in some near-realtime cases could be significant enough to endure.
Therefore, the ResNet-50 model is the preferred candidate for edge inference, while ResNet-101 is
more applicable for more precise cloud inference on high-resolution images, resulting in a significant
increase in the FCI index metric when an event is detected.

The authors set as limitations the drones’ battery lifetime, which was not examined in the
experimental testing of their Fire Criticality algorithm, and the poor mask mAP performance of the
fire detection model. The latter will be further exploited by the authors and is set as future work.
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Abbreviations

The following abbreviations are used in this manuscript:

AS application server

CNN convolutional neural network
CPU central processing unit

EXIF exchangeable image file format

FPN Feature Pyramid Network
GPS Global Positioning System
R-CNN Regions with CNN features
RPN Region Proposal Network

UAV unoccupied aerial vehicle
Ul User Interface
VM Virtual Machine

YOLO  You Only Look Once object detection algorithm
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