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ARTICLE INFO ABSTRACT

Keywords:

Fires pose grave threats to lives, properties, and natural resources, necessitating effective fire suppression and

Al rescue efforts. This paper proposes a solution to enhance firefighter safety and efficiency by integrating Un-

Firefighter safety
Human motion recognition
UAVs

manned Aerial Vehicles (UAVs) with Artificial Intelligence (AI)-based human motion recognition. The proposed
system employs supervised machine learning algorithms trained on firefighting video datasets to recognize six

crucial firefighter actions: ‘advance’, ‘climb’, ‘connect’, ‘fetchwater’, ‘hoselaying’, and ‘watersupply’. The trained
model demonstrates 74.8% accuracy in identifying these actions during fire suppression activities. By utilizing
UAVs and Al this system offers extended detection range, deployment flexibility, and live, high-resolution image
capture without risking pilots’ lives. The integration of UAVs and Al holds great promise in mitigating the
devastating impact of fires and safeguarding the lives of firefighters.

1. Introduction

Fires pose significant threats to lives, properties, and natural re-
sources, necessitating effective fire suppression and rescue efforts
(Barmpoutis, Papaioannou, et al., 2020). In the United States alone, the
National Fire Protection Association (NFPA) reported over 1.39 million
fires attended by local fire departments in 2023, resulting in 3,670 fa-
talities, 13,350 injuries, and property damage costs $23 billion (Hall,
2024). As the first responders to fire incidents, firefighters face perilous
conditions when combating fires, with close proximity to fire sources
(Morris & Chander, 2018; Page et al., 2019). Therefore, it is paramount
to enhance firefighters’ functionality and ensure their safety by recog-
nizing their action patterns.

Early fire detection and continuous monitoring play pivotal roles in
reducing casualties and supporting firefighting efforts (Chen et al., 2022;
Fonollosa et al., 2018; Sousa et al., 2020; Sungheetha & Sharma R,
2020). Various technologies, including ground-based systems, manned
aircraft, satellite-based systems, and UAVs have been employed for fire
detection and monitoring (Mazzeo et al., 2022; Sudhakar et al., 2020).
However, each of these systems comes with its limitations. Ground
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monitoring systems have constrained surveillance ranges due to terrain
restrictions, while human-piloted aircraft require experienced personnel
and are exposed to hazardous fire environments (Barmpoutis, Stathaki,
et al.,, 2020; Crawford & Shahroudi, 2018). Satellite-based systems,
although capable of covering vast areas, suffer from limited image res-
olution and frequency (Thangavel et al., 2023). In recent years, UAVs
have become valuable tools for enhancing firefighter performance by
tracking fire behavior and predicting its progression (Bailon-Ruiz et al.,
2022; Ghali et al., 2022). UAVs provide numerous benefits, such as
greater deployment flexibility, cost efficiency, extended detection range,
elimination of pilot risk, and the capability to capture real-time, high-
resolution images.

Despite growing interest in utilizing UAVs and Al to enhance fire-
fighter safety and working efficiency, there is a lack of focus on real-time
recognition of individual firefighters’ actions and precise locations,
particularly within the context of firefighting operations. Effective
communication and coordination are crucial for firefighters due to the
hazardous and rapidly changing conditions of their work environments.
Nevertheless, effective coordination remains a challenge and warrants
further exploration. Firefighters acquire essential skills related to
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information gathering, coordination optimization, and sensemaking
predominantly through their experience (Aust et al., 2023; Wolbers
et al., 2018). This gap limits the ability to provide crucial insight and
support and fully leverage the potential to improve firefighters’ effec-
tiveness and safeguard their lives.

To bolster firefighter safety and working efficiency, the integration of
UAVs and Al-based human motion detection has shown great promise
(Seraj & Gombolay, 2020). This study proposes the utilization of UAVs
equipped with advanced Al-based algorithms to recognize firefighters’
action patterns during fire suppression activities. By utilizing existing
human motion datasets from firefighting videos, we successfully trained
a supervised machine learning algorithm to recognize six key firefighter
actions: ‘advance’, ‘climb’, ‘connect’, ‘fetchwater’, ‘hoselaying’, and
‘watersupply’. The trained model exhibited high accuracy when tested
on existing video footage. Integrating this model into a UAV system
could greatly enhance firefighter efficiency and safety during fire
response operations.

This study aims to develop and evaluate a UAV-assisted Al system for
recognizing firefighter actions to enhance safety and efficiency. This
paper outlines the methodology and findings of the UAV-assisted Al-
based human motion recognition system (Fig. 1), highlighting its po-
tential applications in enhancing firefighter safety and working effi-
ciency. In the realm of firefighting operations, a fully autonomous
inspection and analysis system based on UAV is essential for improving
situational awareness and response efficiency. The system operates
through a meticulously orchestrated five-step process. It begins with
data acquisition, where the UAV employs sensors and cameras to gather
real-time information from firefighters. Then, the acquired data un-
dergoes comprehensive analysis, utilizing advanced algorithms to
identify key patterns and potential hazards. The system proceeds to the
classification phase, where it categorizes the analyzed information,
distinguishing firefighter actions. Once the classification is complete,
the UAV receives instructions based on identified risks and optimal
response strategies. Finally, the current system integrates data acquisi-
tion, analysis, classification, and instruction to support real-time action
recognition and decision-making. UAV locomotion, envisioned as a
future extension, would enable the platform to autonomously navigate
firefighting sites and provide dynamic, situational support to ground
personnel. However, the implementation and validation of such auton-
omous navigation would require further system integration, multi-agent
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coordination, and field-level testing, which are beyond the scope of the
current study. This modular and extensible architecture is designed to
enhance firefighting teams’ situational awareness and enable a more
proactive approach to risk mitigation in future deployments. By har-
nessing the power of UAVs and Al our goal is to support ongoing efforts
to reduce the destructive effects of fires and safeguard the lives of those
who bravely fight them.

This paper makes the following contributions. First, this paper pro-
poses a novel UAV-assisted, Al-based human motion recognition system
to improve firefighter safety and operational efficiency. The system in-
tegrates UAVs with Al-based motion recognition to address limitations
in existing fire monitoring tools, particularly the lack of real-time indi-
vidual action recognition. It features offline model training, real-time
inference on a Jetson Nano onboard the UAV, and autonomous re-
sponses, marking a first-of-its-kind integration of Al in an aerial system
for firefighting support.

Second, this paper demonstrates the effectiveness of Al models in
classifying key firefighter actions. Supervised learning algorithms,
including traditional classifiers and a deep neural network (DNN), were
trained on firefighter video datasets. The DNN achieved the highest
accuracy of 74.8% across six critical actions: ‘advance’, ‘climb’, ‘con-
nect’, ‘fetchwater’, ‘hoselaying’, and ‘watersupply’. Real-time testing
using Jetson Nano and a Raspberry Pi camera confirmed the system’s
ability to identify actions accurately in both recorded and live settings.

Third, this paper provides empirical insights into system perfor-
mance and practical challenges. The study compares machine learning
model accuracies, presents confusion matrices, and highlights common
misclassifications, especially among similar actions. This study also re-
veals challenges such as partial visibility, overlapping movements, and
limitations from dataset size and diversity.

The rest of the paper is organized as follows: Section 2 reviews the
relevant literature on UAV and Al applications in firefighting, high-
lighting the gap addressed by this research; Section 3 describes the
proposed system design and construction, detailing the machine
learning algorithms used, the UAV hardware, and the software platform;
Section 4 presents the results and discussion, evaluating the perfor-
mance of the machine learning models and the UAV’s real-time recog-
nition capabilities; and Section 5 concludes the paper with a summary of
findings and potential future work.
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Fig. 1. A fully autonomous inspection and analysis system based on UAV for firefighters’ postures.
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2. Related works
2.1. Al and UAV applications in firefighting response

Al can be used to enhance the capabilities of UAVs, making them
more autonomous, efficient, and effective (Puente-Castro et al., 2022;
Rezwan & Choi, 2022). One important application of Al in the UAV field
is autonomous navigation. By using machine learning algorithms, UAVs
are capable of autonomously navigating through complex environ-
ments, avoiding obstacles, and optimizing their flight paths. Advances in
Al for object detection and identification have enabled UAVs to be used
in tasks such as search and rescue. In (Afridi et al., 2019), UAVs were
used for rescue operations in floods and tsunamis by detecting and
tracking humans and water. Despite these advances, there is a clear
research gap in AI-UAV systems that can interpret human motion during
dynamic and hazardous missions. Current platforms focus on environ-
mental cues rather than analyzing the activity of ground personnel to
adapt aerial behavior accordingly.

UAVs have been employed for various tasks across multiple sectors,
including emergency response. They provide a range of advantages for
firefighting operations. In the realm of reconnaissance and surveillance,
UAVs provide images with higher resolution and shorter time intervals
compared to satellites, thereby improving the response time of fire-
fighters (Roldan-Gomez et al., 2021; Yuan et al., 2015). In terms of
direct fire suppression, UAVs can be equipped with water or other fire
retardants and deployed in areas that are difficult or dangerous for
human firefighters to reach (Cervantes et al., 2018; Pena et al., 2022;
Zadeh et al., 2021). In post-fire assessments, UAVs equipped with
various sensors can help evaluate the extent of fire damage by capturing
high-resolution images and videos (Carvajal-Ramirez et al., 2019).
However, while these systems enhance spatial coverage and environ-
mental awareness, they typically rely on manual or semi-autonomous
operations, lacking intelligent, human-centric decision-making capa-
bilities that could adapt dynamically to firefighter status or actions.

Al is a rapidly developing field that is beginning to impact all aspects
of people’s lives. One important application of Al in the fire protection
field is predictive analytics and fire forecasting (Lee et al., 2025). By
using historical data from fire modeling, Al can provide potential al-
gorithms for detecting and forecasting fire scenarios (Huang et al.,
2022). Al can be used in the fire command scene to improve on-site
command (Chang et al., 2022). Recent advances in deep learning have
also demonstrated the capacity of Al models, such as artificial neural
networks (ANN), convolutional neural networks (CNN), and long short-
term memory (LSTM) networks, to predict climate-related variables that
can influence fire risks, including temperature, precipitation, and air
quality (Guo et al., 2023, 2025; Guo, He, & Wang, 2024; Guo, He, Wang,
et al., 2024; He & Guo, 2024). These capabilities strengthen fire pre-
vention efforts by offering timely and accurate predictions. Another
notable domain is firefighter training: Al-enhanced simulations replicate
real-world emergencies, enabling safe and effective scenario practice.
These systems can adapt to individual physical data to personalize
training intensity and strategies (Xu et al., 2020). Nonetheless, these AI
applications have primarily focused on environmental or system-level
predictions, with limited direct integration with human-centric data,
particularly firefighter motion during operations.

2.2. Al in human motion recognition and situational awareness

Human motion recognition aims to understand and classify human
behaviors, and can be implemented based on various data modalities,
which are mainly divided into visual modalities (such as RGB, skeleton,
depth, point cloud, event stream, etc.) and non-visual modalities (such
as audio, acceleration, WiFi, radar, etc.). Among them, RGB images and
skeleton data have become the most mainstream research direction due
to their complementary characteristics: RGB images provide rich
appearance and background information, which are suitable for scene
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understanding; skeleton data extracts human joint structures through
pose estimation, possessing advantages in noise resistance and structural
representation, making it suitable for efficient and fast human behavior
modeling. In the RGB modality, the two-stream convolutional network
proposed by Simonyan and Zisserman uses RGB frames and optical flow
to model appearance and motion features respectively, and is considered
a foundational work (Simonyan & Zisserman, 2014). Karpathy et al.
further reduced computational cost by introducing multi-resolution
cropping strategies (Karpathy et al., 2014).

In terms of spatiotemporal modeling, 3D Convolutional Neural
Networks (3D CNNs) are used to directly extract spatiotemporal features
from videos. The C3D model proposed by Tran et al. was the first to
validate the effectiveness of 3D convolution in action recognition (Tran
et al., 2015), but its high computational cost became a bottleneck.
Subsequent work, such as that by Varol et al., proposed to expand the
receptive field in the temporal dimension to enhance modeling capa-
bility (Varol et al., 2018), while Qiu et al. decomposed 3D convolution
into 2D spatial convolution and 1D temporal convolution to improve
efficiency (Qiu et al., 2017). In addition, some studies have transformed
human joints into pseudo-images or video clips, which are then input
into 2D or 3D CNNs for modeling (Choutas et al., 2018; Yan et al., 2019).
Among them, the PoseC3D method has shown excellent performance on
several skeleton-based action recognition benchmarks, demonstrating
strong robustness and interoperability, although its 3D CNN backbone is
relatively heavy (Duan et al., 2022).

The importance of maintaining direct and prompt communication
and coordination among emergency personnel, particularly in life-
threatening situations, cannot be overstated (Mistick et al., 2022;
Stanton et al., 2001). Improving situational awareness and learning
from past incidents can significantly boost the safety of firefighters, a
key aspect often emphasized in their training regimen (Page & Butler,
2018). In (Page & Butler, 2018), the location of fatal burnover was
studied with the finding that the geospatial environmental data can help
firefighters to locate fatal locations. Situational awareness refers to the
ability to recognize, process, and understand the key information
regarding the team’s status in relation to the mission (Endsley, 1995).
Recent research has been conducted on enhancing the safety of fire-
fighters by deepening the understanding of various facets of situational
awareness. In (Jolly & Freeborn, 2017), fire radiative power variations
measured by satellite are linked to the fire behavior risk rating predic-
tion to keep firefighters safe. UAVs can improve firefighters’ operational
capabilities by overcoming the physical limitations of human re-
sponders, allowing them to be deployed in various tasks. One of the
main applications of UAVs is surveillance on site, detecting and
observing forest fires (Reusen et al., 2008). In Perez-Saura et al. (Perez-
Saura et al., 2023), a solution was offered for launching fire suppression
devices via windows from a UAV in urban firefighting. Building on
related advancements in human movement analysis (Wang et al., 2024),
Al models, originally developed for emotion recognition through
movement in performance settings, can also be adapted to interpret
firefighter posture. To enhance situational awareness, UAV gathered
information can be integrated into ERIS (Emergency Response Infor-
mation System) (Agrawal et al., 2020). Despite the current research
emphasis on aiding firefighters with improved situational awareness,
there is a lack of focus on real-time recognition of individual firefighters’
actions and precise locations.

2.3. Human-machine collaboration in Al-driven UAV systems

Human-machine collaboration in UAV systems is advancing toward
more adaptive and user-centered designs to support complex, multi-
agent missions. Lim et al. (2021) and Feuerriegel et al. (2021) empha-
size adaptive interaction frameworks and interface design as keys to
enabling one operator to manage multiple UAVs efficiently. Their
findings highlight the importance of context-aware autonomy, reduced
cognitive load, and interfaces that promote situational awareness and
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trust. Hoc (2001) contributes a cognitive framework that stresses shared
mental models and mutual predictability, essential for effective coop-
eration in dynamic environments.

Building on these foundations, Cao et al. (2024) propose enhanced
control strategies for multi-UAV systems, incorporating dynamic task
allocation and feedback loops to support flexible human oversight. Zhou
and Liu (2021) demonstrate long-term collaboration through persistent
person tracking, showing how adaptive systems can learn from human
input to maintain performance in real-world conditions. Wang et al.
(2023) introduced an Al-based action detection system mounted on
UAVs, designed to monitor firefighters in real time and identify haz-
ardous behaviors. Together, these studies reflect a shift toward collab-
orative autonomy, where UAVs and humans operate as coordinated
teammates, with system design focused on adaptability, transparency,
and cognitive compatibility.

In summary, our solution represents a shift from traditional
environment-focused UAV deployments to human-centric awareness
enhancement, bridging a critical gap in current firefighting technolo-
gies. As summarized in Table 1, our system uniquely incorporates real-
time motion recognition of firefighters using onboard AI processing, an
aspect absent in existing UAV and Al integration efforts. Compared to
prior studies that focus on either environmental monitoring or predic-
tive analytics, our work contributes a novel, end-to-end approach that
emphasizes immediate operational awareness and decision support
tailored to individual firefighter actions.

3. System design and construction

The proposed system enhances firefighting operations through the
integration of four key modules, as illustrated in Fig. 2: (1) Model
Module, (2) Camera Module, (3) Jetson Nano Module, and (4) STM32
Control Module. Together, these components form a cohesive pipeline
for gesture-based UAV control in real time.

Model Module: This module outlines the offline training phase con-
ducted on a local computer. Machine learning models are trained to
recognize and interpret firefighter gestures and movement patterns
using a video dataset. The resulting model captures complex motion
features relevant to firefighting contexts. Once trained, the model and its
associated parameters are transferred to the Jetson Nano device for
deployment.

Camera Module: A miniature onboard camera provides real-time
video input to the Jetson Nano. This camera captures continuous vi-
sual data from the environment, enabling the system to monitor fire-
fighter activities. The live video feed is streamed directly into the Jetson
Nano for immediate processing.

Jetson Nano Module: Acting as the computational core of the system,
the Jetson Nano hosts the trained recognition model. It processes
incoming video data in real time to extract motion features, predict the
firefighter’s action category, and calculate corresponding key co-
ordinates. The Jetson Nano’s compact form factor and computational
capability make it well-suited for onboard deployment on UAVs,

Table 1
Comparative analysis of key related works and our contribution.
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enabling low-latency decision-making in dynamic environments.

STM32 Control Module: This module comprises the STM32 micro-
controller and the UAV’s control logic. It receives the action category
and key coordinate data from the Jetson Nano. Based on this informa-
tion, the module generates scenario-specific control commands, allow-
ing the UAV to autonomously respond to firefighter gestures. This real-
time closed-loop system empowers the UAV to support firefighting
personnel with agility and precision.

This design emphasizes the synergy between offline learning and
real-time deployment, enabling a practical and responsive tool for field
operations. Note that detailed UAV posture and flight mechanics are
outside the scope of this work and are planned for future research in
context-specific scenarios.

3.1. Machine learning algorithm

3.1.1. Data preparation

Similar to most Al-based methods, the proposed approach is divided
into three main stages: data preparation, training and testing, and
automated annotation, all designed to create a reliable system for
detecting changes in firefighter actions within video sequences. In the
initial stage of data preparation, diverse and representative datasets are
collected and preprocessed to ensure optimal model training. We uti-
lized a dataset of firefighter operational scenes collected from the
internet. The dataset comprises six categories of firefighter actions:
‘advance’, ‘climb’, ‘connect’, ‘fetchwater’, ‘hoselaying’, and ‘water-
supply’. Prior to data augmentation, the dataset contained a total of 128
video samples, with 106 used for training and the remainder for testing.
Each video lasted approximately 5s and was recorded at 30 frames per
second (FPS).

To address class imbalance and enhance model generalization, data
augmentation was applied. As shown in Table 2, each action category
originally included 10 to 34 training videos, yielding a total of 13,353
training frames and 3,889 testing frames. Following augmentation, each
category was expanded to 60-204 training videos and 12 testing videos,
with the number of testing frames increased to approximately 2,000 per
class.

Each original video was augmented approximately sixfold through
mirroring and scaling transformations (at factors of 0.8x and 1.2x),
which are well-suited for skeleton-based data. Other augmentation
strategies, such as temporal cropping, were deliberately excluded to
preserve the structural completeness of the skeleton and ensure the
reliability of keypoint extraction.

In total, the augmented dataset consists of 636 training videos and 72
testing videos, corresponding to 92,555 training frames and 12,017
testing frames. These enhancements ensure that each action category is
represented by a comparable number of samples and frames, thereby
mitigating the effects of data imbalance. The updated statistics are
summarized in Table 2 below.

Study / system UAV function AI component Integration focus Real-time Human motion Novelty compared to prior work
processing recognition

Roldan-Gomez Recon & None Spatial data No No High-res imagery for mapping

et al. (2021) surveillance acquisition
Cervantes et al. Fire suppression None Payload deployment No No UAV in hard-to-reach areas

(2018)
Lee et al. (2025) None Fire forecasting Environmental No No Predictive analytics

modeling

Afridi et al. (2019)  Search & rescue Object detection Victim tracking Partial No Al for human detection in SAR
Agrawal et al. Surveillance & Fire behavior ERIS integration Partial No Al-driven risk mapping

(2020) mapping prediction
This Study Recon, tracking, Human action Firefighter-centric Yes Yes First real-time UAV-based firefighter

safety recognition data loop action detection system with on-board Al
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Fig. 2. UAV-assisted Al-based Human Motion Recognition System.

Table 2

Summary of training and testing video data before and after data augmentation.
Behavior Train Vid (Pre) Train Frm (Pre) Test Vid (Pre) Test Frm (Pre) Train Vid (Post) Train Frm (Post) Test Vid (Post) Test Frm (Post)
Advance 10 1444 2 347 60 8440 12 1818
Climb 10 1156 2 318 60 7033 12 1714
Connect 10 1403 2 352 60 8087 12 2018
Fetchwater 28 4187 6 1119 168 25,022 12 2232
Hoselaying 34 4775 6 1021 204 28,821 12 2045
Watersupply 14 2388 4 732 84 14,152 12 2190

Abbreviations: Vid = number of videos, Frm = number of frames, Pre = before augmentation, Post = after augmentation.

3.1.2. Feature extraction

Based on the augmented dataset, skeletal keypoint data are used to
perform frame-level behavior classification. For each frame, 33 human
body keypoints are extracted using MediaPipe, with the x and y co-
ordinates of each keypoint forming a 66-dimensional static feature
vector.

To extract dynamic features, keypoints are sampled at 10-frame in-
tervals to form temporal data groups. Within each group, four inter-joint
distances are computed: left shoulder-right shoulder (LS-RS), left
shoulder-left elbow (LS-LE), left elbow-left wrist (LE-LW), and left
hip-left knee (LH-LK). The distance with the smallest standard devia-
tion across the group is selected as the normalization reference.

Subsequently, six additional inter-joint distances are computed: left
ankle-left hip (LA-LH), right ankle-right hip (RA-RH), left wrist-nose
(LW-N), right wrist-nose (RW-N), left wrist-left hip (LW-LH), and right
wrist-right hip (RW-RH). In addition, the velocities and accelerations of
six keypoints (LA, RA, LH, RH, LW, RW) are calculated over time. After
normalization based on the reference distance and standard human body
proportions, each group yields 18 dynamic features.

For feature fusion, the average dynamic feature vector (per video) is
concatenated with each frame’s static feature vector, resulting in a
combined 84-dimensional feature vector per frame.

3.1.3. Model implementation
The training and testing phases involve the use of five traditional

machine learning models: Naive Bayes, Support Vector Machines (SVM),
Logistic Regression, Decision Trees, and Random Forest. Naive Bayes is a
probabilistic classifier based on Bayes’ theorem, while SVM aims to find
the optimal hyperplane that separates different classes in feature space.
Logistic Regression predicts the probability of a binary outcome, Deci-
sion Trees make decisions based on feature values, and Random Forest is
an ensemble of decision trees that improves accuracy. Additionally, a
DNN, which is a feed-forward neural network with input, hidden, and
output layers, is trained for more complex pattern recognition. Table 3
compares the features for traditional machine learning models and DNN
architecture.

The flowchart in Fig. 3 illustrates the deep learning action recogni-
tion system, which encapsulates the process from training videos to
action detection. The input to the network consists of 84-dimensional
fused features, which incorporate both static and dynamic information
extracted from each video frame. The DNN architecture comprises four
hidden layers with 128, 64, 32, and 16 neurons, respectively, each using
the ReLU activation function, followed by an output layer of 6 neurons
activated by the Softmax function to classify the six defined firefighter
actions. Given that feature extraction has already been performed
through prior processing, the neural network serves a focused role in
feature abstraction and classification, rather than low-level feature
learning (Fig. 4).

The process begins with the preprocessed training data, where the
network learns high-level motion representations from the input

Table 3
Features comparison for traditional machine learning models and DNN architecture.
Aspect Naive bayes SVM Logistic regression Decision trees Random forest DNN
Model type Probabilistic Margin-based classifier Linear probabilistic model Tree-based Ensemble of Feed-forward neural
classifier decision trees network
Learning Bayes theorem Maximize margin Estimate class Recursive Majority vote across ~ Learn complex feature
objective between classes probabilities partitioning trees hierarchies
Interpretability High Moderate High High Moderate Low
Training time Fast Medium to slow Fast Fast Medium to slow Slow
Scalability High Moderate High Moderate High Moderate to High
Best for Simple High-dimensional Binary/multiclass with Easily interpretable Handling noise & Complex, non-linear motion
distributions separable data linear trends trees variance recognition
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features. Each layer in the network contributes to progressively refining
the internal representation of the action patterns. Once trained, the
network is applied to test videos, where it performs action classification
in real time by mapping the input features to the most probable action
class.

This structured pipeline, comprising data input, layered feature
transformation, and final output generation, demonstrates the effec-
tiveness of a lightweight, fully connected DNN architecture in recog-
nizing complex motion patterns within real-world UAV video scenarios.

3.1.4. Evaluation metrics

The performance of the developed system is evaluated using key
multiclass classification metrics, including precision, recall, accuracy,
and F1 score. In the multiclass setting, precision quantifies the system’s
ability to correctly predict instances of each class, with an emphasis on
reducing false positives across all classes. Recall assesses the system’s
sensitivity by measuring its effectiveness in identifying all true instances
of each class, thereby minimizing false negatives. Both metrics are
calculated on a per-class basis and then averaged using macro ap-
proaches. The F1 score, defined as the harmonic mean of precision and
recall, provides a balanced measure of the model’s performance, espe-
cially useful in cases where class distribution is imbalanced. Accuracy,
on the other hand, reflects the overall proportion of correctly classified

Generate instructions

STM 32 Nucleon UAV locomotion

4

i~

Show results

Human Motion Recognition System.

samples across all classes. All metrics range from O to 1, where higher
values indicate stronger performance. Together, these metrics offer a
comprehensive assessment of the system’s ability to recognize and
classify actions across multiple categories. The corresponding formulas
are presented below:

TP;
Precision; = W’Fpl €))
TP;
Recall; = ——— 2
€A% = Tp, 1 FN, 2
Precision; x Recall;
Fl-score; = 2 x ! - 3

Precision; + Recall;
where:

TP; : True Positives for class i
FP; : False Positives for class i

FN; : False Negatives for class i

Then, depending on the averaging method:



H. Wang et al.

e Macro-averaged Precision = Average of per-class precisions
e Macro-averaged Recall = Average of per-class recalls
e Macro-averaged F1-score = Average of per-class F1 scores

Thus, in multiclass, accuracy is usually better thought of simply as:

number of correct predictions > TP;
total number of predictions ~ Total

Accuracy =

€]

3.2. UAV hardware

In this research, a UAV was built to obtain real-time image data and
respond simultaneously to the identification results. The UAV primarily
consists of two parts: computing modules and mechanical components.

3.2.1. Computing module

The UAV computing module contains three parts, i.e., Nvidia Jetson
Nano, Raspberry Pi Camera, and STM32 Nucleo board. All these devices
are embedded into the UAV as a payload. A detailed description of each
module is given as follows:

(i) Nvidia Jetson Nano:

A microcomputer with 128 parallel processing cores, which is
enough to support real-time video feed (Cass, 2020). It boasts a het-
erogeneous CPU-GPU architecture, offering a compact form factor,
lightweight design, and low power consumption. The Jetson Nano is
among the most commonly used edge devices, equipped with acceler-
ators for machine learning inference (Assuncao et al., 2022). It is also
commonly used for various neural network applications, including ob-
ject detection, image segmentation and classification (Gomes et al.,
2022; Salih & Basman Gh., 2020). In comparison, the popular Raspberry
Pi 4 has the same 4 GB of RAM as the Jetson Nano and a better CPU, but
it has limitations when running Al algorithms. For example, in Ayoub’s
work (Ayoub & Schneider-Kamp, 2021), they compared Raspberry Pi 4
and Jetson Nano to run the Yolov4 model and pointed out that Rasp-
berry Pi 4 cannot infer normally due to excessive memory requirements.
Jetson Nano, by contrast, boasts a powerful GPU with significant Al
advantages, making it well-suited for deep learning tasks. Its practicality
and suitability for AI and machine learning projects are evident. This
component plays a critical role in real-time firefighter detection, data
analysis, and motion recognition. It efficiently translates classification
results into UAV commands, facilitating seamless communication with
the UAV’s control module.

(ii) Raspberry Pi Camera v2:

The compact camera boasts an impressive Sony IMX219 8-megapixel
sensor, supporting the 1080p30 video mode through the Raspberry Pi
Camera Module 2 (Pagnutti et al., 2017). Operating as a CSI camera, it
utilizes specialized data channels and instructions dedicated to image
acquisition and processing, setting it apart from USB cameras. This
specialized design results in superior performance and accelerated

A

Propellers

ESC

STM32 Board
Flight Controller
Jetson Nano
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transfer rates, meeting the demands of high frame rates and resolutions.
Leveraging host visual acceleration hardware, it significantly reduces
CPU usage. When integrated with the Jetson Nano, this camera seam-
lessly provides real-time video data for precise analysis and
identification.

(iii) STM32 Nucleo board:

In order to receive instructions and control the actions of the UAV,
there is a need to have STM32 Nucleo board embedded on UAV to
achieve instruction transmission. STM32 has a mainstream cortex core,
extremely high performance, rich peripherals and software packages,
and an ARM core. Compared with the 51 microcontroller, it has a higher
working frequency, stronger computing power, and richer resources.

3.2.2. Mechanical components

In Fig. 5, the construction of the drone is shown. The drone frame,
crafted from the Tarot 650 Sport Quadcopter Build Kit, incorporates a
configured Tarot gimbal below and positions a high-capacity 4S lithium-
ion polymer battery at the gimbal’s rear. Autonomous flight requires the
drone to be equipped with essential computing hardware. Hence, the
frame’s imperative traits entail sturdiness and lightness, attributes
facilitated by the application of carbon fiber, rendering this Tarot frame
under 500 g in weight.

Atop this frame resides the DJI N3 flight controller kit, comprising a
main control unit, a GPS-compass unit, and a battery management unit.
Further above the N3, a customized PCB houses a buck module and an
STM32 socket. The buck module serves to reduce the battery voltage to
5 V, providing power to both the Jetson Nano and the S.BUS remote
control receiver.

3.3. Software platform

The well-trained firefighters’ posture classification model was
trained with machine learning algorithms, as mentioned in Section 3.1,
on the PC and then deployed on the Jetson Nano. With the help of
Raspberry Pi v2 camera and Jetson Nano’s high performance running
machine learning models and rapid processing of video images, real-
time monitoring of firefighters’ postures is achieved. Some important
features are calculated every 10 frames, such as speed, acceleration, etc.,
to better identify firefighter postures. The extraction and use of dynamic
features, including speed and acceleration, have been described in detail
in the earlier Feature Extraction section. The model can detect fire-
fighters shown in the camera feed and extract skeletons of the firefighter
to predict the class of the current posture. The identification results,
including the skeleton, bounding box, predicted class, and accuracy, are
displayed. Meanwhile, the Jetson Nano generates a set of flight control
instructions, based on the identification of the posture. These targeted
instructions essentially assign values to the different directional axes of
the drone to achieve a complete attitude response. STM32 will then
synthesize the received signals into UAV execution instructions and send

Z
o
*
it

)
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Fig. 5. Mechanical system and task sequence. (A) Hardware components. (B) The system architecture: (a) S.BUS remote controller (b) S.BUS signal receiver (c)
Raspberry Pi camera module 2 (d) Nvidia Jetson Nano (e) STM32 (f) DJI N3 flight controller (g) Propeller, Motor and ESCs.
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them to the UAV flight control module to complete the response.

4. Results and discussion
4.1. Machine learning simulation

Table 4 shows the comparative analysis of these models reveals that
the DNN outperforms the others, achieving the highest accuracy at
74.8%. This performance stands in contrast to the accuracies obtained
by Naive Bayes (39.1%), SVM (51.1%), Logistic Regression (49.7%),
Decision Tree (42.7%), and Random Forest (52.6%). The findings indi-
cate that DNN is particularly effective in extracting and analyzing high-
level, concealed, and significant features in the context of firefighter
action classification. For detailed information on the hyperparameters of
the five traditional machine learning models, please refer to Supple-
mentary Information Table S1. And for the performance of the five
traditional machine learning models using 5-fold cross-validation,
please refer to Table S2.

Fig. 6 illustrates a comparison of six machine learning algorithms,
namely Naive Bayes, SVM, logistic regression, decision tree, random
forest, and DNN. In examination of the confusion matrix the DNN
demonstrates relatively accurate predictions across six distinct patterns.
However, accurately predicting true labels 0, 1, and 2 proves chal-
lenging due to their movement patterns being similar to the other three
activities. These labels not only have the highest rate of false predictions
but also contribute to an imbalanced matrix in the DNN model. By
contrast, models such as Logistic Regression, SVM, Random Forest, and
Decision Tree exhibited more balanced performance in the confusion
matrix specific to firefighter action detection. Further analysis reveals
that false predictions are often associated with frames containing mul-
tiple firefighters. Common issues included limited visibility of fire-
fighters’ bodies, with parts such as feet or arms being obscured by
equipment, fire trucks, or other firefighters. These obstructions often
resulted in zero-value data in movement analysis, posing a challenge for
feature extraction. For the per-class precision, recall, and F1 score of the
five traditional machine learning models, please refer to Supplementary
Information Table S3.

Fig. 7 presents illustrative examples of the results derived from a
single frame in one of the input videos. The image showcases the
automatically detected human skeleton along with corresponding key
points overlaid on the scene. These six image annotations encompass
important actions such as ‘advance’, ‘climb’, ‘connect’, ‘fetchwater’,
‘hoselaying’, and ‘watersupply’. Through the developed algorithms,
firefighter actions are successfully annotated for every frame in the input
video, with the generated labels accurately reflecting the specific actions
taking place in each frame.

4.2. UAV real-time recognition

Our test data include a set of six distinct postures frequently adopted
by firefighters in the field: *advance’, ’climb’, watersupply’, ’fetch-
water’, "hoselaying’, and ’connect’. The efficacy of the system was
gauged through an analytical assessment of both recorded videos of
firefighters performing these motions and direct live demonstrations.
Our assessment procedure is encapsulated in Fig. 8 (a) to (f), which

Table 4

Performance comparison of various models for machine learning methods.
Algorithms Precision Recall Accuracy F1 score
Naive Bayes 43.6 % 38.9 % 39.1 % 37.8%
SVM 47.7 % 48.6 % 51.1 % 44.7 %
Logistic Regression 47.3 % 47.9 % 49.7 % 45.3 %
Decision Tree 41.6 % 41.4 % 42.7 % 40.2 %
Random Forest 70.7 % 51.6 % 52.6 % 51.7 %
DNN 73.2% 73.0 % 74.8 % 72.4 %
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delineate the recognition results obtained from video data. The empir-
ical data demonstrate that the system is able to consistently identify five
out of the six postures with good accuracy, with the actions *advance’
and fetchwater’ being recognized with heightened precision.

For the live demonstration experiments, the setup, procedure, and
visualization outputs are described as follows. During the UAV-based
real-time detection trials, the UAV was positioned at a height of 1.2 m
above ground level, maintaining a horizontal orientation without tilt
and facing directly toward the test subject. The onboard camera, stabi-
lized via a gimbal, provided a steady, level, forward-facing view. The
test subjects stood approximately 3 m in front of the UAV to ensure that
their entire body remained fully visible within the captured frame.Each
subject conducted five complete testing rounds. In each round, they
performed six firefighter-specific actions in different sequences, with
each action repeated 3 times from various directions. This setup ensured
that the detection cycle captured complete action processes, provided
sufficient testing samples for each action to assess model accuracy, and
minimized disruptions caused by non-standard actions or transitions.

As shown in the experimental result figures, skeletal keypoint
detection, subject positioning, action recognition results, recognition
accuracy, and the probability scores for each action were displayed in
real time during the detection process. To better document the results
and facilitate subsequent analysis, the detection interface was screen-
recorded, capturing both the video feed and real-time recognition out-
puts. Recorded videos were later reviewed to observe and analyze the
prediction results for each tested action, with sample results illustrated
in the provided figures.

To support real-time application, the system is implemented with a
two-stage inference pipeline. During the data acquisition stage, 10
consecutive frames are accumulated (based on a 30 FPS stream),
resulting in a theoretical minimum acquisition time of 333 ms. In the
inference stage, action recognition is performed on the Jetson Nano
(GPU mode), with an average inference time of 170 ms per cycle. This
leads to an end-to-end latency of approximately 500 ms, corresponding
to a real-time detection frequency of 2 Hz. The Jetson Nano operates
with a unified memory usage of 3.0 GB out of 4 GB, maintaining a 75%
utilization rate during operation.

In comparative analyses between recorded video data and live
demonstrations, as depicted in Fig. 8 (g) to (1), the performance metrics
for most action classes when tested in real-time conditions are consistent
with those observed in video simulations. Notably, the actions *advance’
and ’hoselaying’ demonstrate superior recognition accuracy.
Conversely, the action "climb’ is frequently misclassified as "hoselaying’.
The classifications for "watersupply’ and 'fetchwater’ exhibit lower ac-
curacy in live testing compared to their respective recorded video-based
results.

From the analysis of the two distinct sets of real-time test results, it is
evident that the system successfully achieves its design objective by
simultaneously recognizing firefighters’ motions, though there remains
substantial room for enhancement. Within the assessed motion cate-
gories, the classifications for advance’ and "hoselaying’ exhibit robust
performance, whereas the ’connect’ and ’watersupply’ classifications
present challenges, often merging together in scenarios that necessitate
precise differentiation, a task that proves to be complex. Furthermore,
the composition and diversity of the dataset significantly influence the
model’s accuracy and overall performance efficacy. Due to the limited
availability of publicly accessible video data, a compromise is necessary
to balance data volume with class distribution. The frequent overlap and
similarity of firefighters’ actions, coupled with the absence of stan-
dardized movements for each category in practical settings, pose sig-
nificant obstacles in constructing a well-defined categorical dataset for
each action class. Consequently, this often leads to misclassifications,
particularly within the *fetchwater’ category, as it is frequently confused
with other motion classes.
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Fig. 6. Confusion Matrix of six machine learning algorithms, the numbers 0 to 5 represent the following actions, respectively: 'advance’, ’climb’, *connect’,

*fetchwater’, "hoselaying’ and ’watersupply’.

(d) fetchwater

(e) hoselaying

B EaRE.

(f) watersupply

Fig. 7. The automated annotation on videos: "advance’, ’climb’, *connect’, ’fetchwater’, "hoselaying’ and *watersupply’.

5. Conclusion

In this study, a UAV and Al-based system is developed to detect and
classify the operations of firefighters. The UAV is adept at discerning
actions routinely executed by firefighters, facilitating understanding and
support mechanisms that ensure their safety during firefighting en-
deavors and bolster their capability in analyzing the progression of fire
incidents. This constitutes an inaugural integration of Al within an aerial
hardware-software ensemble to support firefighting personnel. Our

results show that the DNN yields the highest accuracy in firefighter
action classification but faces challenges in predicting specific move-
ments and handling multi-firefighter obstructions. While the system
performs well in recognizing ’advance’ and ’hoselaying,” it struggles
with differentiating ’connect’ and ’watersupply’ due to overlapping
actions and dataset limitations, emphasizing the need for further
refinement. Looking forward, we anticipate the inclusion of multifac-
eted scenarios such as urban conflagrations, forest fires, and aquatic
blaze responses within the ambit of this Al-augmented firefighting
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Fig. 8. Results from the UAV-assisted Al-based Human Motion Recognition System are presented, categorizing actions into six types: advance’, 'climb’, "water-
supply’, ‘fetchwater’, "hoselaying’, and ’connect’. The dataset comprises twelve images, where (a) to (f) depict outcomes derived from recorded video data,
showcasing the system’s ability to accurately identify and classify actions. The (g) to (1) demonstrate the system’s performance in real-time conditions for the same
actions. This distinction highlights the system’s robustness in both controlled and dynamic environments.

system. The aspiration is to evolve the UAV into a more potent and
versatile entity capable of executing a diverse array of tasks, necessi-
tating the development of more intricate, task-specific mechanical
frameworks, alongside precise sensing and control apparatus, with the
ultimate goal of saving lives and safeguarding property.
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