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Unmanned aerial vehicle (UAV) swarm systems have become a frontier in the field of intel-

ligent unmanned systems. However, the high costs and risks of physical experiments pose

significant challenges for professional talent development. Building an efficient training and

hujinpeng127@gmail.com evaluation simulation platform is key to overcoming this challenge. Existing UAV simulation
platforms often rely on traditional input devices such as keyboards and mice, which have
limitations in terms of intuitive interaction, immersion, and real-time evaluation capabilities.
To address these issues, this paper focuses on the mobile device environment and aims to design
and construct a multi-agent system educational platform integrating UAV swarm simulation
and human-machine interaction. First, a dual-modal mobile interaction framework based
on gestures and voice commands is proposed. Next, a high-precision command recognition
system is developed by creating a gesture database, performing data preprocessing, feature
fusion, and convolutional neural network (CNN) model training, and integrating a self-trained
cloud-based speech recognition model. Finally, a complete platform prototype is developed,
enabling users to train in real-time UAV swarm formation control, obstacle avoidance, and
other tasks through natural interaction on mobile devices, while simultaneously providing a
quantitative evaluation of the operation process. This paper integrates the simulation system,
multimodal interaction, and real-time evaluation mechanisms, establishing a unified “training-
evaluation” educational platform, offering an innovative solution for multi-agent system
teaching and skill assessment.
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1  INTRODUCTION

With the rapid development of drone technology [1-3], unmanned aerial vehicle
(UAV) swarm systems [4, 5] have become a frontier in the field of automation and
intelligent systems, due to their great potential in collaborative operations, area
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coverage, and exploration in complex environments. Correspondingly, the need to
cultivate professionals who can understand and command such multi-agent sys-
tems [6, 7] has become increasingly urgent. However, physical experiments with
UAV swarms [8, 9] are expensive and risky, and are constrained by physical space
and the number of devices, making it difficult to conduct large-scale training in edu-
cational settings. Therefore, constructing an efficient simulation education platform
[10] to provide students with a safe, controllable, and realistic training environment
has become a key path for advancing relevant talent development.

Although there have been advancements in drone simulation or human-machine
interaction research, existing methods still have significant drawbacks when applied
to educational platforms. For example, at the interaction level, most systems still rely
on traditional input devices such as keyboards, mice, or single-modal interaction
methods, such as the platform developed in [11], making the interaction process
non-intuitive, with a steep learning curve, and failing to engage students’ interest
in training. At the training and evaluation level, systems such as the one in [12],
although achieving basic swarm control simulation, generally lack a data-driven real-
time evaluation mechanism integrated into the interaction process. This prevents
immediate feedback and quantitative analysis of the students’ performance, thus
weakening its diagnostic and guiding functions as an educational tool. Additionally,
the challenge of lightweighting high-performance perception models and adapting
them to mobile devices to support flexible training anytime and anywhere remains
a key issue that has not been well addressed in existing research.

Therefore, this paper is dedicated to the research on a “multi-agent system edu-
cational platform integrating UAV swarm simulation and human-machine inter-
action,” with the core task of constructing an interactive framework that supports
real-time training and evaluation on mobile devices. The main content of this paper
includes: designing and implementing a dual-modal interaction channel integrat-
ing gestures and voice; constructing a high-precision mobile command perception
system based on feature fusion convolutional neural network (CNN) models and
cloud-based SMLTA models; and finally, developing a complete simulation education
platform that achieves a closed-loop from command input and swarm simulation
to performance feedback. The value of this study lies in that it not only provides an
innovative tool with low entry barriers and high interactivity for multi-agent sys-
tem education but also, by introducing real-time evaluation mechanisms, provides
solid data support for the quantification and improvement of teaching effectiveness,
making a significant contribution to the popularization and deepening of intelligent
unmanned systems education.

2  MOBILEINTERACTION FRAMEWORK

The mobile interaction framework of the multi-agent system educational plat-
form constructed in this paper is based on the multi-modal interaction (MMI) mech-
anism [13], aiming to achieve real-time training and evaluation through mobile
devices. This framework uses hand gestures, postures, and voice as core interaction
channels. However, in the mobile environment, these channels are adapted to touch
gestures, device motion sensing, and voice input to suit the hardware characteris-
tics of mobile devices. Let the mobile interaction efficiency be represented by R; the
set of m behavioral preferences of the current user in the MMI is represented by I,
where I={i, i, ..., i }; the set of [ current simulation tasks in the MMI is represented
by S, where S={s,, s,, ..., s;}; the set of j current simulation environments in the MMI
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is represented by Y, where Y= {y,, y,, .., y;}; the set of v control channels supported
by the MMI is represented by L, where L ={l, L, ..., [ }. The MMI tuple is given by the
following equation:

MMI=<R,[S,Y,L> (1

The overall process of the framework follows a closed-loop structure of “signal
acquisition — recognition — command matching — control processing — feedback”:
the user selects an interaction channel based on the changes in the simulation
environment. The mobile device collects input signal features in real time through
built-in sensors and uses lightweight perception techniques for fast recognition.
The recognized commands are matched with the preset command library and
mapped into standardized codes, which are sent to the control module through the
human-machine interaction interface. In other words, the MMI state switches from
MMI=<R,1,s,y,l,>t0 MMI=<R,1,s,,y,, [,> thus achieving the MMI process in the
interaction framework. The control module then drives the UAV swarm simulation
system to perform basic formation, intelligent obstacle avoidance, or heterogeneous
collaboration actions, and simultaneously provides real-time feedback to the mobile
interface, ensuring that the user can observe and adjust the operation in real time.
This MMI adapts to environmental changes by dynamically switching channels,
reflecting the flexible transformation of the MMI tuple, thereby enabling efficient
and intuitive interaction on mobile devices and supporting real-time training and
evaluation of multi-agent systems in the educational platform. Figure 1 shows the
MMI framework for real-time training and evaluation on mobile devices.
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Fig. 1. MMI framework for real-time training and evaluation on mobile devices

3  VOICE INTERACTION SCHEME

The operation of the multi-agent system educational platform, integrating UAV
swarm simulation and human-machine interaction, begins with the integration
of mature cloud-based Al services via an API, relying on efficient real-time voice
interaction on mobile devices. Specifically, the platform integrates the SMLTA voice
recognition model [14] provided by the smart cloud platform by requesting an appli-
cation programming interface (API). This process involves generating authentica-
tion parameters such as APIKey and SecretKey to obtain an AccessToken, thereby
establishing a stable communication interface with the cloud model. For real-time
training and evaluation on mobile devices, this cloud API access model has the key
advantage of offloading complex speech recognition tasks to the cloud, avoiding the
local computational bottleneck of mobile devices. During simulation training, the
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student inputs voice commands through the mobile device microphone, and the
audio data is sent in real time to the cloud-based SMLTA model for recognition.
The returned text result is then matched with the local command library and mapped
into standardized codes to control the UAV swarm.

However, general speech models do not have sufficient recognition accuracy in
professional UAV swarm command scenarios. Therefore, the platform further adopts
a model self-training principle to optimize performance in the specific domain. Since
the interaction vocabulary of the educational platform is relatively concentrated, this
paper performed targeted optimization of the base model on the EasyDL platform.
By collecting 894 command audio samples from 48 experimenters of different ages
and genders, a high-quality, diversified, domain-specific dataset was constructed and
converted into 16bit, 16kHz mono wav format for standardization. After self-training
the model using this dataset, the recognition accuracy for this application scenario sig-
nificantly improved. This process generated exclusive model parameters, effectively
customizing a high-precision, privatized voice recognition engine for the educational
platform. For real-time training and evaluation on mobile devices, the high recogni-
tion rate directly determines the accuracy of interaction intention delivery and the
smoothness of the training process. When the student repeatedly performs forma-
tion control or obstacle avoidance drills, the commands can be parsed almost error-
free, ensuring that the interaction data recorded by the system accurately reflects the
student’s operational level, rather than being contaminated by model errors.

Based on the above model, this paper ultimately designed and verified a com-
plete voice interaction scheme between humans and UAV swarms. This scheme
designs a full implementation mechanism, from voice wake-up, command recog-
nition, and encoding mapping to final swarm execution. For example, the student
activates the system by saying the wake-up word “real-time command input” on the
mobile device, then issues the command “triangle formation.” After recognition by
the cloud model, it is mapped to the code “00001” and sent to the simulation control
module, which drives the UAV swarm to form the corresponding formation. This
closed-loop interaction process has undergone rigorous functional verification in
the educational platform. For real-time training and evaluation on mobile devices,
the successful verification of this scheme means that it has established an assessable
interaction paradigm. The system is capable of recording the full process data from
voice input to swarm response, including recognition time, command accuracy, and
swarm execution performance. This data forms the basis for quantifying the stu-
dent’s command and control ability, enabling the platform to not only provide an
immersive simulation training environment but also analyze student performance
in real time through MMI data, automatically generate evaluation reports, and
ultimately achieve the integrated educational goal of “training-evaluation.”

4  GESTURE INTERACTION SCHEME
4.1 Recognition model construction

Command database construction. Due to the lack of existing gesture datasets,
this study uses the KinectV2 device [15, 16] to build a depth database, which is a
strategic choice: KinectV2 can capture depth information and enhance the three-
dimensional characteristics of gestures, making them more compatible with the con-
trol logic of UAV swarms in three-dimensional space. In the data collection phase,
the study deliberately introduced variables such as lighting, background, and depth
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distance and collected data from three different experimenters. This design aims
to simulate the complex and variable operational environment in real educational
training scenarios on mobile devices to ensure that the trained recognition model
will not fail due to slight environmental changes, thus ensuring the stability and reli-
ability of gesture interaction during real-time training and evaluation. The collected
samples are standardized to small-sized images of 76 x 179 pixels, a specification
that takes into account the computational resource limitations of mobile devices,
facilitating quick processing by the subsequent lightweight CNN model, meeting the
stringent requirements for real-time performance.

Data preprocessing. For the UAV swarm educational platform suitable for real-
time training and evaluation on mobile devices, the focus of gesture recognition data
preprocessing is to convert raw depth images into feature representations that are
easier for the model to learn and more computationally efficient. This maximizes
the salience of gesture features and the robustness of the model while ensuring
real-time performance on mobile devices. The preprocessing process first applies
the Otsu’s thresholding method (OSTU) for image segmentation. In the UAV swarm
control scenario, gestures as foreground command sources must be clearly sepa-
rated from the background, and the Otsu algorithm can automatically determine
the optimal threshold S based on the global grayscale properties of the image, effi-
ciently binarizing the foreground and background. Specifically, let the number of
foreground and background pixels be represented by W, ,Q, and W.Q,, respectively;
let the average grayscale of the foreground and background be represented by U [,
and U.I, respectively. The total average grayscale I of the image is:

11
I=Q,,+Q,], 2)

The variance T of the foreground and background of the image is:
T=0Q,I,—-D*+Q,U, -1 3)
T=Q,Q,U,~ 1) 4)

The optimal threshold is the grayscale value at which the variance T is maxi-
mized. Furthermore, the system applies the Canny edge detection algorithm to
refine the segmented image, using Gaussian filtering for denoising, Sobel operators
for gradient calculation, non-maximum suppression, and double-thresholding to
accurately extract key edge information of the gestures. Let the first derivatives in
the horizontal and vertical directions be H, and H), respectively. The gradient H of
the image and the direction ¢ are calculated as follows:

H= ,H§+H§ (5)

=tan™! ﬂ (6)
¢ = H,

In addition, this paper introduces offline data augmentation strategies to further
improve the preprocessing process to address the diversity and uncertainty in the
mobile educational training environment. Before model training, random opera-
tions such as zooming, cropping, whitening, shifting, and scaling are performed on
the samples. The principle is to artificially expand the dataset to simulate various
changes that may occur during real-time interaction on mobile devices, such as vari-
ations in the distance between gestures and the camera, differences in the angles
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of holding the device, or partial occlusion. For the evaluation function of the edu-
cational platform, the enhanced model can more accurately recognize gesture vari-
ations from different students in various real operational environments, ensuring
that the recorded operation accuracy, response time, and other evaluation metrics
truly reflect the student’s skill level, rather than being constrained by the model’s
environmental adaptability.

Feature fusion. To construct a more information-rich and discriminative rep-
resentation for gesture recognition, feature fusion is performed. By integrating
heterogeneous but complementary visual features, the recognition accuracy and
robustness of the model in complex real-time training environments can be signifi-
cantly improved, even under the resource constraints of mobile devices. Specifically,
the Concat fusion method is used to directly concatenate two different modal fea-
tures from the same gesture, namely the detailed contours and texture information
provided by the depth image and the 3D spatial coordinate data of 12 hand and
arm key joints extracted by KinectV2. These are combined into a unified high-di-
mensional feature vector. The depth image finely captures the morphological details
of the gesture, while the skeletal data precisely describes the absolute position and
relative posture of the hand and arm in three-dimensional space. The combination
allows the model to not only perceive “what the gesture is” but also understand
“where the gesture is and how it is placed,” which helps differentiate control com-
mands that are similar on the 2D plane but have different spatial configurations. In
the real-time training and evaluation scenario on mobile devices, the 12 key joints
that are selected drastically reduce the data dimension and subsequent computa-
tion load, ensuring the efficiency of the fusion process. This enables the system to
respond quickly to students’ gestures and real-time drive the simulation swarm for
formation changes or obstacle avoidance maneuvers.

CNN model construction and training. The purpose of the CNN model designed
for gesture recognition in the constructed platform is to design a lightweight net-
work architecture that achieves an optimal balance between recognition accu-
racy and computational efficiency, ensuring fast and accurate classification of 18
gesture commands under the limited resources of mobile devices, and ultimately
meeting the stringent real-time interaction and instant evaluation requirements
of the simulation system. The CNN model used in the platform extracts features
in layers by alternating between three convolution layers (C1, C2, C3) and pooling
layers (S1, S2, S3): The C1 layer uses a larger 5 x 5 convolution kernel to capture
coarse-grained features, then the C2 and C3 layers use 5 x 5 and 3 x 3 convolution
kernels, respectively, to refine the features, while the number of convolution kernels
increases from 72 to 144. After each convolution layer, a ReL.U activation function is
used to introduce non-linearity, followed by a 2 x 2 max-pooling layer with a stride
of 2 to significantly reduce the spatial dimensions of the feature maps while retain-
ing key features, which greatly reduces the computational load in subsequent stages.

The next layer introduced is batch normalization (BN), which accelerates model
training convergence and improves stability. Finally, two fully connected layers (FC1,
FC2) integrate the high-dimensional features and map them to the final Softmax
output layer. Appropriate numbers of neurons (1152, 576) are designed to ensure
the representation capability while avoiding parameter explosion. The entire model
takes preprocessed images of size 76 x 179 as input, and after this series of efficient
forward propagations, the corresponding probability distribution for 18 UAV control
commands is obtained at the output layer.

During the training phase, the model uses categorical cross-entropy as the loss
function to optimize the multi-classification task and selects the Adadelta optimizer
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with a learning rate of 0.0001 for parameter updates. This combination ensures sta-
ble training while achieving efficient convergence. A batch size of 324 and 20 iter-
ations were set, allowing the model to significantly reduce the loss function after
approximately 11 cycles, with the recognition accuracy approaching 1. This signifi-
cantly shortened the model development cycle, meeting the platform’s needs for
rapid deployment and iteration.

4.2 Interaction scheme design and verification

The mobile interaction scheme is designed based on the highly accurate CNN ges-
ture recognition model that has been fully trained, creating an efficient command
mapping mechanism. When the student performs a specific gesture in front of the
mobile device camera, the mobile device first captures the image data, and the local
or cloud-based model then performs real-time recognition. The recognition result is
matched with the preset gesture command library, and finally outputs a standard-
ized command code. This converts continuous, ambiguous body movements into
discrete, precise control commands, enabling the student to directly control the UAV
swarm in the simulation environment to perform basic takeoff, complex formations,
and other tactical actions through intuitive physical interaction.

In the verification phase, the study confirmed the technical feasibility and logical
correctness of the interaction scheme by demonstrating the precise correspondence
between different gestures, their expected encoded outputs, and the swarm sim-
ulation responses. The system accurately records the entire process from gesture
input to code output, providing an objective, quantifiable data foundation for evalu-
ating the student’s operational accuracy, reaction speed, and efficiency in completing
complex tasks, ultimately realizing an integrated educational loop of “interaction-
simulation-evaluation.” Figure 2 shows the UAV swarm simulation system
architecture for the educational platform.

; i Basic formation transformation
Mobile ; : : . Swarm Core functions of
interaction H Dynamic obstacle avoidance i control
- i : - > UAV swarm -
interface i Heterogeneous swarm coordination { algorithm simulation system
confrols ; i : : ¢ library
Dynamic time-varying formation

Fig. 2. UAV swarm simulation system architecture for educational platform

5  EXPERIMENTAL RESULTS AND ANALYSIS

To verify whether the constructed CNN gesture recognition model can meet
the dual requirements of real-time performance and high accuracy for the mobile
educational platform and provide a stable and reliable perception foundation for
subsequent real-time training and evaluation, the training process was visually ana-
lyzed and evaluated. As shown in the accuracy curve in Figure 3, the model quickly
converged and achieved very high accuracy on both the training and validation
sets, with the training set approaching 1 and the validation set stabilizing at 97.5%.
This proves that the entire solution, from data preprocessing and feature fusion to
network structure design, is highly effective and able to learn highly robust feature
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representations from diversified gesture data. Although the accuracy of the train-
ing set is slightly higher than that of the validation set, showing slight overfitting,
the validation set accuracy remained stable and reached a high level of 97.5% in
the later stages of iteration, indicating that the model’s generalization ability has
been fully ensured. This is crucial for the educational platform to handle interac-
tion differences across different students, mobile devices, and environments. At the
same time, the loss function curve shows that the model’s loss rapidly decreased
and quickly converged to a very low and stable value in the early stages of training,

indicating that the model not only has high learning efficiency but also a very stable
optimization process.
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Fig. 3. Visualization of CNN training process

In order to systematically evaluate the performance differences of various inter-

action modes in handling complex concurrent commands and specifically verify
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the advantages of intelligent fusion mechanisms in conflict resolution, this paper
conducted experiments on multimodal interaction conflict handling and collab-
oration efficiency. These interaction modes constitute a complete technological
spectrum from traditional to modern, and from single-modal to fused: Keyboard
& Mouse (D) and Pure Touch (@) serve as baselines for traditional and mobile-end
interactions; Pure Voice (®), Pure Gesture (@), and Pure Device Posture (®) rep-
resent the three main single natural interaction channels; Gesture + Voice Fusion
(®) and Touch + Device Posture Fusion (D) are two typical fixed fusion modes that
achieve complementary channels; the advanced Context Adaptive Interaction (®)
can intelligently schedule the optimal interaction channels, while Expert Mode (©)
and Al Collaboration Mode () allow parallel multi-channel operations without con-
flict, both demonstrating the advancement of intelligent fusion; finally, the specially
designed Student Mode (S) provides guidance and constraints, significantly lowering
the operational threshold while ensuring high success rates.

Table 1. Multimodal interaction conflict handling and collaboration efficiency evaluation

Interaction Task Completion Misoperation User Cognitive = Command Bandwidth Conflict Command
Mode Time (Seconds) Rate (%) Load (1-7 Points) (Commands/Minute) Handling Success Rate (%)
(O Keyhoard & Mouse 42.5 438 3.5 10.2 N/A
(Traditional Desktop)
@) Pure Touch (Mobile 45.2 5.1 3.2 8.5 NIA
End Benchmark)
(3 Pure Voice 38.5 15.7 2.8 12.1 N/A
@ Pure Gesture 417 8.3 4.5 9.8 NIA
(®) Pure Device Posture 44.3 12.5 5.2 7.3 N/A
®) Gesture + Voice Fusion 332 10.8 3.8 15.8 72.1
@ Touch + Device 36.7 9.2 41 135 68.5
Posture Fusion
Context Adaptive 29.8 3.5 29 17.5 94.2
Interaction
© Expert Mode 27.5 3.8 438 213 98.5
Al Collaboration Mode 26.9 4.2 3.9 20.54 984
S Student Mode 314 42 2.3 14.6 95.7

The data analysis of Table 1 shows that: First, the single-modal interactions (),
@, ®) have distinct advantages but also significant shortcomings in specific metrics.
For example, pure voice is fast but has a high misoperation rate, while pure ges-
tures have a high cognitive load. Second, the fixed fusion modes (©), @) significantly
improve command bandwidth compared to single-modal interactions, but their
conflict command handling success rate is limited to <75%, and the misoperation
rate remains high, indicating that simple channel stacking cannot effectively resolve
command conflicts. The key finding is that the intelligent interaction modes (®), ©),
@, S) perform excellently across all key metrics: (®) Context Adaptive Interaction
achieves the best balance between efficiency, safety, and user experience; (@) Expert
Mode exhibits the highest operational efficiency and conflict resolution ability, but at
the cost of higher cognitive load; while (S) Student Mode achieves nearly expert-level
conflict resolution success rates with the lowest cognitive load and misoperation
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rate, fully demonstrating its suitability for education. This study strongly supports
the research content of this paper, proving that the platform does not simply fea-
ture multiple concurrent channels, but through intelligent situational awareness
and adaptive mechanisms, it realizes truly efficient collaborative fusion interaction.
This interaction mode can cater to the needs of users from beginners to experts
and provides a reliable human-computer interaction foundation for real-time
mobile training.
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Fig. 4. UAV swarm task completion rate evaluation based on different interaction modes
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Table 2. Training effectiveness evaluation for users with different skill levels

Initial Learning Curve Subjective
Evaluation User Evaluation Final Evaluation Improvement Steepness Confidence Score
Index Category e (Post-Training)  (Absolute Value)  (Improvement/ (1-7 Points,
(Pre-Training) . -
Period) Post-Training)
Task Completion Beginner 32.5 88.4 55.9 0.28 6.2
0,

Rate (%) Intermediate 65.8 94.7 289 0.14 68
Expert 91.2 975 6.3 0.03 7.0

Task Execution Beginner 125.6 483 =173 =039 6.0

Time (seconds) Intermediate 68.4 35.1 333 ~0.17 65
Expert 32.7 295 -32 -0.02 6.9

Operational Beginner 5.8 185 12.7 0.06 6.3

Efficiency Intermediate 123 224 10.1 005 6.7

(commands/

minute) Expert 216 241 2.5 0.01 7.0

Misoperation Beginner 25.7 5.2 —-20.5 -0.10 6.1

0,

Rate (%) Intermediate 123 31 92 005 66

Expert 3.5 2.2 -13 -0.01 6.8

To systematically evaluate the effectiveness and learnability of wvarious
human-computer interaction modes in this educational platform and explore the
optimal interaction strategy for different task complexities, we designed comparative
experiments and conducted in-depth data analysis. The experimental data shown in
Figure 4 strongly demonstrate the significant advantages of the multimodal interac-
tion framework adopted by the platform, especially the advanced fusion and adap-
tive interaction modes, in swarm control tasks. Specifically, as the interaction modes
evolve from the basic touch (Mode @) to single modes like voice and gesture (Modes
®-®), and then to fusion interactions (Modes ©—®) and advanced adaptive/expert
modes (Modes @-0), the task completion rate of the student experimental group
shows a clear upward trend, increasing from about 0.75 to above 0.86 under both
swarm sizes. This indicates that enriching and intelligently fusing interaction chan-
nels can directly improve operational efficiency. Crucially, in more complex tasks, the
performance of the student experimental group using fusion and adaptive interac-
tion modes (Modes ©)-10) is more stable, with the completion rate degradation much
lower than that of the single-modal group. This confirms that the advanced interac-
tion paradigms offer better robustness and scalability when handling complex tasks.
Additionally, Student Mode (S) performs exceptionally well, with its completion rate
even approaching that of Expert Mode. This verifies that the guided interaction
designed for novices successfully reduces the operational threshold while ensuring
control efficiency, perfectly aligning with the training objectives of the educational
platform. All experimental groups performed significantly better than the random
baseline group, ruling out the possibility of task success by chance. This experiment
confirms that through interaction training on this platform, students can master effi-
cient swarm control methods, with their performance approaching expert levels as
the interaction mode is optimized.

To systematically verify whether the platform can provide an effective skill
improvement path for learners starting from different levels, this paper further
conducted a training effectiveness evaluation for users with different skill levels.

iJIM | Vol. 19 No. 23 (2025) International Journal of Interactive Mobile Technologies (iJIM) 93


https://online-journals.org/index.php/i-jim

Hu

The data analysis in Table 2 clearly shows that the educational platform produces
significant teaching results for users of all skill levels, especially for beginner users.
In the core index of task completion rate, beginner users achieved a leap of 55.9 per-
centage points, with their learning curve steepness much higher than that of inter-
mediate and expert users. This shows that the platform can help beginners close the
gap with experienced users at the fastest pace. Additionally, beginner users made
remarkable progress in task execution time and operational efficiency, reducing the
time by 77.3 seconds and improving efficiency by 12.7 commands/minute, coupled
with a significant decrease in misoperation rate by 20.5%. This collectively proves
that their operation improved from being clumsy and error-prone to becoming
skilled and precise. Moreover, the subjective confidence scores for all user groups
after training were high, indicating that the platform not only enhanced objective
skills but also effectively boosted users’ confidence in controlling complex systems.

Table 3. Performance evaluation of different skill level users in core algorithms/scenarios

Formation

Evaluation Task Completion Average Response Maintenance Communication  Decision  Robustness Test

Algorithm /Scenario Rate (%) Time (ms) P Overhead (KB/s) Delay (ms) (Success Rate %)
Basic Formation Control 99.2 120 0.15 253 85 98.5
Dynamic Obstacle 97.8 185 0.28 42.7 132 96.2
Avoidance Algorithm

Heterogeneous Swarm 95.6 210 0.35 68.9 158 94.3
Collaboration
Adaptive Formation 96.4 165 0.22 55.1 145 95.8
Centralized Control 98.5 95 0.12 125.6 65 97.1
Distributed Control 97.2 142 0.18 384 118 98.2

(This Paper’s Strategy)

To validate the advanced nature and reliability of the core algorithms of the plat-
form and ensure that the UAV swarm behaviors in the simulation environment pro-
vide realistic and effective references for educational training, this paper conducted
systematic performance tests on its key algorithms. Data analysis in Table 3 indicates
the following: First, the distributed control algorithm used in this paper significantly
reduces communication overhead compared to centralized control, proving its
excellent scalability and laying the foundation for large-scale swarm simulations. Its
task completion rate of 97.2% and robustness of 98.2% remain at an extremely high
level, demonstrating the stability of the algorithm. Secondly, in complex scenarios,
the dynamic obstacle avoidance algorithm, while maintaining a high success rate
of 97.8%, keeps reasonable response time (185 ms) and formation error (0.28 m),
indicating that the algorithm can effectively handle environmental uncertainty.
Notably, although heterogeneous swarm collaboration faces the greatest challenges
across various metrics, it still achieves a task completion rate of 95.6%, verifying the
platform’s ability to handle complex collaborative tasks.

These experimental results strongly support the research content of this paper,
confirming that the platform’s simulation core integrates high-performance,
low-communication-overhead, and robust swarm algorithms. It can provide learn-
ers with a UAV swarm simulation environment that is both realistic in behavior and
meets real-time performance requirements, ensuring the quality and effectiveness
of educational training content.
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6  CONCLUSION

This paper successfully built a multi-agent system education platform integrating
UAV swarm simulation and human-computer interaction, enabling real-time train-
ing and evaluation on mobile devices. The research designed a dual-modal interac-
tion framework based on gestures, voice, and device posture, and combined it with
feature-fusion-based CNN gesture recognition models and cloud-based voice models to
establish an efficient and natural mobile command perception system. Experimental
results show that the interaction design of the platform significantly improves oper-
ational efficiency and user experience: The task completion rate of the fusion inter-
action mode increased by more than 15% compared to single-modal modes, and the
success rate in conflict command handling reached 96.8% in the advanced adaptive
mode. Meanwhile, algorithm performance validation confirmed that the distrib-
uted control algorithm, while maintaining a high task completion rate, significantly
reduced communication overhead, ensuring the simulation’s realism and real-time
capabilities. Additionally, the training evaluation for users with different skill levels
showed that beginner users’ task completion rate improved by 55.9%, fully proving
the platform’s outstanding teaching effectiveness. The value of this study lies in pro-
viding a low-threshold, high-immersion innovative tool for multi-agent system educa-
tion. Through the “interaction-simulation-evaluation” closed-loop design, it transforms
abstract theories into quantifiable and optimizable skill training, effectively solving the
core challenges of high practical costs and difficult evaluations in this field’s education.

However, this study still has some limitations. First, the platform’s gesture inter-
action somewhat relies on the stability of visual sensors in specific environments,
and its performance may be affected in complex lighting or occlusion scenarios.
Second, the current study primarily focuses on medium-scale swarm simulations,
and the system performance and interaction design in ultra-large-scale swarms
have not been fully explored. Additionally, although the experimental sample covers
different age groups, the diversity of the user population still needs further expan-
sion. For future work, research could be extended in the following directions: (1)
exploring more robust multimodal perception solutions, such as integrating infra-
red depth information or adopting self-supervised learning to reduce sensitivity
to environmental conditions; (2) studying distributed simulation architectures for
ultra-large-scale swarms and simplified interaction metaphors to overcome system
performance bottlenecks; (3) introducing augmented reality technology to create
an immersive training environment that blends virtual and real elements to fur-
ther enhance the realism and contextuality of training; and finally, (4) conducting
long-term longitudinal studies to track and analyze the platform’s long-term impact
on learners’ cognitive development and skill transfer in real educational settings,
thereby continuously optimizing its educational value.
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