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Analysis of Modern Neural Network Methods for Visual Information
Processing in High-Speed UAV Navigation Systems

Relevance. The rapid evolution of Unmanned Aerial Vehicles (UAVs) from remotely piloted systems to fully autonomous high-
speed aerial robots has intensified the demand for advanced onboard perception and navigation methods. This need is particularly
acute in scenarios where computational latency, sensor noise, and environmental complexity undermine the reliability of classical
computer-vision pipelines. Despite recent progress in deep learning, the existing approaches to visual information processing—
especially CNN-based detectors, Transformer-based semantic models, and learning-enhanced SLAM modules—remain
fragmented and insufficiently adapted to the strict Size, Weight and Power (SWaP) constraints of embedded platforms such as
the NVIDIA Jetson series. This motivates a comprehensive analysis of modern neural architectures suitable for real-time, high-
velocity UAV operations.

Purpose. The purpose of this study is to analyze state-of-the-art neural network methods for secondary visual processing in UAV
navigation systems, compare the applicability of Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs),
evaluate their integration into SLAM pipelines, and determine the requirements for hybrid architectures capable of supporting
fully autonomous, high-speed flight.

Methods. The research employs a comparative analysis of recent deep-learning approaches, including CNN-based detectors
(YOLO family), Transformer-based visual models, deep-learning—enhanced SLAM components, and Deep Reinforcement
Learning (DRL) control policies. Evaluation criteria include latency, semantic robustness, dynamic-scene handling, edge-
hardware compatibility, quantization performance, pruning potential, and TensorRT optimization efficiency on NVIDIA Jetson
devices.

Results. The study establishes that CNNs provide superior real-time performance and remain indispensable for high-frequency
reflexive perception, while Vision Transformers offer stronger global context reasoning and robustness to occlusion but suffer
from significant computational overhead on embedded GPUs. Deep-learning-based SLAM methods improve feature stability
and dynamic-object rejection but require careful integration to maintain real-time constraints. Hardware analysis reveals that
quantization, pruning, and TensorRT acceleration are critical for deploying deep models on Jetson-class platforms, although
ViTs exhibit limited INT8 quantization tolerance. Based on these findings, the work formulates a conceptual hybrid architecture
that combines CNN-driven reflexive processing with Transformer-driven cognitive reasoning.

Conclusions. The results confirm the necessity of developing hybrid neuro-architectures that integrate the speed and hardware
efficiency of CNNs with the semantic depth of Transformer-based models. Such architectures represent a promising pathway
toward reliable, fully autonomous high-speed UAV navigation. The proposed design principles emphasize hierarchical control,
asynchronous perception loops, and hardware-aware optimization as key enablers for next-generation aerial robotic systems.

Keywords: UAV, high-speed navigation, CNN, Vision Transformer, SLAM, Reinforcement Learning, edge computing, Jetson,
TensorRT, quantization, pruning, hybrid architectures.
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1. Introduction

The operational envelope of Unmanned Aerial Vehicles (UAVs) has expanded dramatically over the
last decade. Modern applications—ranging from rapid courier delivery and large-scale environmental
monitoring to search-and-rescue operations in disaster zones and dynamic defense maneuvers—now
demand a level of autonomy that far exceeds simple GPS waypoint following. As the flight speed of these
robotic platforms increases, driven by improvements in rotor efficiency and compact jet-propulsion
systems, the allowable margin for error in navigation and obstacle avoidance shrinks to millisecond-level
reaction times. This shift has reframed UAV navigation not merely as a geometric estimation task but as
a high-velocity perception-and-decision problem [1].

At the heart of this challenge lies the so-called “perception—action loop.” Traditional navigation
systems—whether Correlation-Extreme Navigation Systems (CENS) or classical geometric computer-
vision pipelines—rely on matching current sensor data to pre-loaded geospatial maps or on extracting
handcrafted features such as SIFT or ORB to estimate motion. While mathematically rigorous in
controlled or slowly changing environments, these methods exhibit significant brittleness when applied
to real-world high-speed flight. They degrade sharply under extreme lighting variation, suffer from the
motion blur induced by rapid maneuvers, and fail to generalize when operating in unstructured,
semantically complex terrains [2, 3].

To address this gap, the field increasingly turns to the concept of secondary processing—the
transformation of raw sensor data (primary information) into a higher-level semantic or structural
representation (secondary information). In autonomous flight, this means not simply observing pixels but
interpreting them: estimating the UAV’s pose relative to a target or map, detecting and tracking obstacles,
recognizing terrain types, and inferring traversability or risk. In essence, secondary processing forms the
decision-critical interface between visual perception and control policy [4].

Deep Learning (DL) has become the dominant methodology enabling this transformation. By
leveraging large-scale, diverse datasets, neural networks learn feature representations that are robust to
noise, illumination variation, high-speed distortions, and other real-world degradations that hinder
classical algorithms. Yet, the deployment of such computationally intensive models on Size, Weight, and
Power (SWaP) constrained aerial platforms creates a multi-objective optimization problem: accuracy is
paramount for safety, while inference latency must remain minimal to maintain stability during aggressive
flight.

Against this backdrop, this review synthesizes academic literature published between 2023 and 2025
to map the emerging landscape of neural-network-based UAV navigation. We examine evolving
architectural paradigms, including the competition and convergence between CNNs and Vision
Transformers as well as the rise of hybrid spatial-temporal models. We also trace how deep learning
reshapes Visual SLAM and Visual Odometry, enabling more resilient navigation under sensor
degradation. Furthermore, we discuss the rapid shift toward end-to-end Deep Reinforcement Learning
(DRL), where perception and control are unified within a single policy network. Finally, we assess the
practical realities of deploying these algorithms on embedded edge processors, with particular attention
to the NVIDIA Jetson family and comparable low-power accelerators, which increasingly determine what
forms of neural autonomy are feasible in high-speed UAV operations [3, 4].

2. Comparative Analysis of Neural Architectures: CNN vs. ViT

The choice of neural architecture is arguably the most consequential design decision in a UAV
perception system. It determines not only the theoretical upper bound of visual understanding but also
the practical inference dynamics of the model when deployed under stringent Size, Weight, and Power
(SWaP) constraints. Today, the field is shaped by the competition—and increasingly, the convergence—
of two methodological paradigms: the Convolutional Neural Network (CNN) and the Vision Transformer
(VIT).

For more than a decade, CNNs have served as the backbone of visual perception. Their core design
principle is the convolution operation, which applies learnable filters over local image regions. This
architectural choice embeds strong inductive biases, primarily locality (nearby pixels are correlated) and
translation invariance (features retain meaning regardless of spatial position). These properties make
CNNs particularly effective in structured environments and for tasks where objects possess distinctive
local patterns.

Within UAV-specific applications, the YOLO (You Only Look Once) family of single-stage detectors
has become especially prevalent due to its exceptional speed—accuracy trade-off. Unlike two-stage
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detectors (e.g., Faster R-CNN), YOLO predicts bounding boxes and class probabilities in a single forward
pass, making it highly compatible with the real-time requirements of aerial robotics. The evolution from
YOLOV5 to YOLOv8—and more experimental iterations such as YOLOv10/11—has focused on
improving the “backbone” and “neck” components. For instance, YOLOvS introduced C2f modules that
enhance gradient propagation and support deeper architectures without the risk of vanishing gradients.

Performance on UAV benchmarks such as VisDrone further underscores CNN effectiveness. Their
inductive biases align well with objects that present stable local features (e.g., cars, rooftops, pedestrians),
enabling robust detection even under moderate variations in viewpoint or scale. In terms of latency—a
critical factor for high-speed flight—Ilightweight CNNs (e.g., YOLOvV8-Nano) achieve real-time
performance exceeding 30-60 FPS on embedded hardware like the Jetson Orin Nano. For drones
operating at speeds where even a 100 ms delay could result in catastrophic failure, this level of
responsiveness is indispensable [5-6].

However, CNNs exhibit structural limitations. Their reliance on local convolutions restricts the ability
to capture long-range dependencies early in the network. This becomes problematic in high-altitude or
ultra-dynamic UAV imagery, where targets may occupy only a handful of pixels or derive their semantic
identity from global scene context (e.g., distinguishing a drone from a bird based on trajectory or
surrounding background). Although deeper layers eventually accumulate broader receptive fields, this
comes at the cost of spatial resolution due to pooling and downsampling [1].

These shortcomings have spurred interest in Vision Transformers. Originating in natural language
processing, Transformers treat data as sequences of tokens. Vision Transformers (ViTs) translate this
concept to image processing by dividing the input into patches and applying self-attention across them.
This design grants ViTs an immediate global receptive field, enabling every patch to attend to every other
patch from the first layer onward.

Recent research — particularly Zhang (2023) — demonstrates the strong potential of ViTs in UAV
contexts involving air-to-air detection. In tasks requiring robust recognition of other drones, ViT-based
architectures significantly exceeded CNN performance. Notably, Zhang reports that baseline ViTs were
approximately 4.6x more robust than comparable CNNs under challenging environmental interference
[7]. The ability of self-attention to model global dependencies allows ViTs to suppress background clutter
such as clouds or terrain textures, improving detection rates in highly variable scenes. Their resilience
also extends to occlusion: because ViTs aggregate information globally, they maintain accuracy even
when key object features are partially hidden—a common scenario in urban or forested flight corridors.

Despite their representational strength, ViTs impose substantial computational burdens. Self-attention
scales quad

ratically, O (N?), with the number of tokens. For high-resolution aerial imagery —necessary for
detecting tiny objects—this leads to excessive memory usage and increased inference times. On edge
hardware, pure ViTs often fall below real-time thresholds, achieving only 5-10 FPS on the Jetson Orin
Nano [1]. Combined with their weaker inductive biases, which require larger datasets to avoid overfitting
[8], pure ViTs remain difficult to deploy in fast-response UAV control loops [7].

These complementary strengths and weaknesses have motivated a shift toward hybrid CNN-
Transformer architectures, which seek to integrate the best of both paradigms. In such models, a CNN
backbone first extracts low-level spatial features—reducing dimensionality and preserving fine-grained
local detail—after which a Transformer module captures global context and long-range dependencies.

Several notable hybrid architectures illustrate this trend:

e LandNet, proposed for 6-DoF camera relocalization, combines spatial convolutions with
temporal attention via a Feature Interaction Block. This design enables UAVs to reason about
both the geometric structure of landmarks and their configuration across time [9].

o RepEfficientViT extends this idea to edge scenarios by integrating re-parameterized
convolutional blocks (RepMBConv) with lightweight attention. In applications such as
agricultural weed recognition—an analogue for detailed ground surveillance—RepEfficientViT
surpassed both pure CNNs and ViTs while maintaining an inference latency of ~25 ms on a CPU,
demonstrating excellent real-time viability [8].

e HCTD (Hybrid CNN-Transformer for Detection) explicitly targets UAV imagery by
using convolutions to preserve fine-scale patterns of small objects and self-attention to
disentangle complex background clutter characteristic of aerial viewpoints [10].
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Across these advances, a clear consensus is emerging: future UAV perception systems will rely
not on a single architectural paradigm but on hybrid models that balance local feature extraction,
global semantic reasoning, and strict real-time operational constraints.

Table 1 Architectural Trade-offs for UAV Perception
Tabn. 1 ApximexmypHi komnpomicu y cucmemax cnpuiinssmms [IMP

Feature CNN (e.g., YOLOVS) Vision Transformer |Hybrid (e.g., MobileViT
(ViT) / RepEfficientViT)
Inductive Bias Strong Weak (Global Attention) Balanced
(Locality/Translation)
Receptive Field Local (expands with Global (all layers) Local + Global
depth)
Small Object Detection | Moderate (loses detail in | High (preserves context) High
pooling)
Inference Latency Low (< 20ms) High (> 100ms on edge) | Moderate (20-40ms)
Data Efficiency High Low (needs massive data) Moderate
Edge Optimization Excellent (TensorRT Poor (Quantization Improving
mature) issues)

3. Integration of Neural Networks into SLAM and Navigation

Operating in GNSS-denied environments—such as dense urban canyons, forests, tunnels, or areas
affected by intentional jamming—requires a UAV to rely on Simultaneous Localization and Mapping
(SLAM). Classical Visual SLAM (VSLAM) pipelines, including ORB-SLAM and its derivatives, depend
heavily on the detection and tracking of static geometric features. However, high-speed flight introduces
severe motion blur, rapid viewpoint transitions, and unpredictable lighting variations, all of which
degrade the reliability of handcrafted feature descriptors [1, 11]. As a result, deep learning has begun to
permeate SLAM pipelines, not as a wholesale replacement of their mathematically principled
foundations, but as a targeted enhancement to the modules most vulnerable to failure.

A major point of fragility in classical SLAM is the feature extraction front-end. Handcrafted features
such as ORB, FAST, or BRISK are highly sensitive to illumination changes, blur, and extreme
perspective shifts. Neural feature extractors—most prominently SuperPoint and D2-Net—address these
weaknesses by learning interest points that remain stable across diverse lighting, scale, and trajectory
conditions. When integrated into the SLAM front-end, these extractors significantly improve feature
persistence, allowing the UAV to maintain tracking even during aggressive roll, pitch, or acceleration
events that would cause classical pipelines to lose localization or trigger a full-system reinitialization [1].

Another foundational assumption of classical SLAM is that the environment is static. In real low-
altitude UAV operations, however, the scene is populated with cars, pedestrians, cyclists, and even other
drones. These dynamic outliers introduce erroneous correspondences that can corrupt the optimization
process, degrade the quality of the map, and induce long-term drift.

To mitigate this, modern SLAM systems increasingly incorporate neural networks for semantic
filtering:

e Semantic Masking: A neural segmentation network predicts pixel-level semantic classes.
Features belonging to “movable” or “dynamic” categories—Vehicles, humans, animals—are
masked and excluded from the pose estimation and map update stages.

e Case Study (Luo et al., 2024): In a recent Multi-Sensor Fusion Dynamic Odometry study,
researchers integrated a lightweight neural network into the FAST-LIVO framework to
remove dynamic elements before fusing visual data with LiDAR and IMU. This approach
substantially reduced trajectory error in dense urban scenes. The network functions as a
semantic gatekeeper, ensuring that the SLAM backend optimizes only against reliable, static
landmarks [12].

Beyond feature extraction and dynamic filtering, deep learning is increasingly used to enhance sensor
fusion—a critical capability for high-speed navigation. Relying on a single modality (e.g., a camera) is
risky: a UAV may be blinded by sun glare, fail in low-light conditions, or encounter textureless surfaces
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such as glass or snow. Classical fusion pipelines, typically based on Kalman or factor graph frameworks,
rely on fixed covariance matrices to weight sensor contributions. However, these static weights cannot
adapt to sudden environmental changes.

Neural networks enable adaptive, context-aware fusion:;

e Mechanism: Instead of relying on hard-coded covariances, a small neural module evaluates
the quality of each sensor stream—Visual, LIDAR, IMU—and learns dynamic attention
weights. When the visual feed is saturated or motion-blurred, the system automatically up-
weights LiDAR or inertial information; when LiDAR becomes unreliable (rain, fog, or low
reflectivity surfaces), the visual modality regains prominence.

e Impact: This adaptive weighting is crucial for robust state estimation in environments with
rapidly changing weather, illumination, and flight dynamics. Neural fusion networks allow
UAVSs to maintain stable pose estimation even when individual sensors become temporarily
unreliable.

Taken together, these advances demonstrate a clear shift in the design of SLAM systems for UAVS:
the classical geometric foundations remain intact, but deep learning is increasingly embedded into the
perceptual front-ends and fusion layers, transforming SLAM into a hybrid analytical-learning framework
that is far more resilient to the operational realities of high-speed flight.

4. Autonomous Navigation via Deep Reinforcement Learning

While SLAM provides the fundamental answer to “Where am 1?7, autonomous navigation ultimately
depends on the complementary question “How should I move?”. Classical control pipelines—typically
built around PID regulators, Linear Quadratic Controllers, or Model Predictive Control (MPC)—treat
perception, planning, and actuation as separate sequential modules. Although this modularity offers
interpretability and stability, it becomes increasingly restrictive in high-speed scenarios, where UAVsS
must perform aggressive maneuvers, react to unpredictable obstacles, and adapt to rapidly changing
aerodynamics.

Deep Reinforcement Learning (RL) introduces a fundamentally different paradigm: an end-to-end
control policy in which a neural network directly maps raw sensor observations (images, depth, inertial
states, or fused features) to low-level control commands. Through millions of simulated interactions, the
agent optimizes a reward function and gradually learns a policy capable of executing highly non-linear,
reflexive, and adaptive behaviors that are extremely difficult—or sometimes impossible—to encode
explicitly using model-based controllers.

A compelling demonstration of this capability is presented in Sheng et al. (2024), who investigated
UAV motion planning in densely populated, highly dynamic aerial environments. Traditional discrete
planners such as A* or sampling-based methods like RRT struggle to replan at sub-50 ms intervals,
especially when obstacles move rapidly or unpredictably [1]. RL circumvents this bottleneck by learning
a reactive policy that implicitly encodes collision avoidance strategies.

Sheng’s methodology employed an Actor—Critic framework, where the policy network (Actor)
generated control commands, and a value network (Critic) estimated long-term expected reward. A
carefully engineered reward function balanced three objectives: (1) safety, encouraging large separation
from dynamic obstacles; (2) efficiency, rewarding velocity toward the goal; (3) smoothness, penalizing
jerk to ensure stable flight dynamics.

During training, the RL agent developed behaviors that resembled reflexes rather than classical
planned trajectories. It learned to weave between obstacles, “lead” moving targets, and anticipate
collisions before they became imminent. Empirical evaluations showed that the RL approach
outperformed Atrtificial Potential Field (APF) methods in both success rate and mean trajectory quality,
especially in densely occupied airspaces.

Beyond obstacle avoidance, RL has demonstrated remarkable potential in controlling systems
traditionally considered too chaotic for conventional controllers. One prominent example is slung-load
UAYV navigation, where a suspended payload introduces non-linear oscillations that couple back into the
UAV’s translational dynamics.

In the study by Mohiuddin et al. (2025), RL was applied to this notoriously difficult control problem.
The policy learned to regulate thrust in a way that not only stabilized the drone itself but also actively
dampened payload oscillations. This holistic, end-to-end learning strategy surpassed hierarchical control
approaches, yielding smoother trajectories, improved energy efficiency, and faster point-to-point



ISSN 2304 -6201 Bulletin of V.N. Karazin Kharkiv National University
58 series Mathematical modeling. Information technology. Automated control systems, issue 68, 2025

transport times [14]. The results highlight a broader trend: RL policies are capable of discovering
coordinated strategies that operate simultaneously across multiple dynamic subsystems.

Despite its promise, RL faces a major deployment challenge: the Sim-to-Real (S2R) gap. High-speed
UAVs cannot be trained directly in the real world because crashes are expensive and dangerous, while
physics engines in simulators (AirSim, Gazebo, Isaac Gym) inevitably introduce discrepancies in
aerodynamics, turbulence, sensor noise, and delay.

To mitigate this, modern workflows employ domain randomization, which exposes the agent to a wide
distribution of simulated conditions during training. Parameters such as mass, inertia, drag coefficients,
wind fields, lighting, motion blur, sensor latency, and texture appearance are randomized within
predefined distributions. This forces the policy to learn strategies that generalize across variations,
making it robust to the inevitable imperfections of real-world environments [1].

Additionally, researchers increasingly integrate complementary techniques to strengthen real-world
deployability:

e Safe RL frameworks impose constraints during learning, limiting the agent’s exploration
space to avoid unsafe states while still improving the policy.

e Curriculum learning gradually increases environment complexity—from simple static
obstacles to densely dynamic multi-agent scenarios—allowing smoother and more stable
convergence.

o Partially Observable RL (PO-MDP) formulations incorporate recurrent networks (LSTMs or
Transformers) to compensate for intermittent perception failures, such as temporary camera
blindness.

e Multi-Agent RL (MARL) enables cooperative behaviors in UAV swarms, such as coordinated
formation flight or distributed obstacle avoidance.

Together, these approaches illustrate a maturing ecosystem around RL for UAVs: the field is
transitioning from isolated demonstrations toward practical, reliable deployment of neural policies
capable of handling the extreme dynamics of high-speed aerial robots.

5. Hardware Implementation: Edge Computing on NVIDIA Jetson

The advances of Vision Transformers, hybrid architectures, and end-to-end RL policies only become
operational when these models can run onboard the UAV. High-speed aerial robots cannot rely on cloud
inference due to latency and connectivity and must obey strict limits on power, thermal budget, and
memory. In this context, the NVIDIA Jetson family (Nano, Xavier NX, Orin Nano, Orin NX, AGX Orin)
has effectively become the standard edge platform for neural perception.

Latency is the key safety constraint. A drone moving at 20 m/s (72 km/h) covers two meters during a
100 ms inference delay—essentially flying “blind” between frames. For high-speed obstacle avoidance,
the latency budget is typically under 30 ms, requiring 30-50 FPS depending on the perception stack.
These limits directly determine which architectures are viable in real missions.

A comparative study by Meimetis et al. (2025) rigorously evaluates detection models on Jetson-class
devices for UAV swarms, clearly contrasting convolutional and attention-based pipelines [15].
Lightweight CNN detectors such as YOLOv8-Nano and YOLOv5-Small consistently achieve >30 FPS
on Jetson Orin Nano in FP16, making them suitable for the “reflexive” perception layer responsible for
immediate collision avoidance. Transformer-based detectors—DETR variants and heavy ViT
backbones—often drop below 10 FPS even on Orin-class hardware because attention operations saturate
DRAM bandwidth long before compute throughput becomes the bottleneck [5, 15].

Since raw model performance rarely satisfies onboard real-time constraints, designers increasingly
rely on hardware-aware optimizations. NVIDIA TensorRT is central here: it compiles networks into
optimized execution graphs via kernel fusion, constant folding, and aggressive memory reuse. Converting
a PyTorch-trained YOLO model to a TensorRT engine commonly yields 2-3x speedups on Jetson by
reducing global memory traffic and fully exploiting Tensor Cores.

Precision reduction is another widely used technique. Moving from FP32 to mixed-precision FP16
roughly halves memory footprint and often doubles throughput with minimal accuracy loss, making FP16
the practical default for Orin-based UAVSs. Pushing to INT8, however, reveals architectural asymmetries.
CNNs with relatively well-behaved activations quantize reliably and benefit from substantial
acceleration, whereas ViT-style models contain non-Gaussian activations, high-dynamic-range attention
logits, and layer normalization, which complicate quantization. Empirical results and developer reports
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show that INT8 ViT inference on some Jetson platforms yields little or no gain over FP16 due to
quantization/dequantization overheads and the limited availability of highly optimized INT8 attention
kernels.

To further reduce model size and energy consumption, structured pruning removes entire
convolutional channels, attention heads, or MLP sub-blocks rather than individual weights. For embedded
systems this provides two key benefits: (1) the pruned model fits into limited high-speed on-chip memory,
reducing DRAM access, and (2) it lowers thermal load, delaying or preventing throttling during sustained
high-speed flight. Properly tuned pruning thus delivers real throughput gains without major architectural
redesign.

The broader hardware—algorithm co-design trend also includes neural architecture search (NAS)
tailored to Jetson devices. These search procedures explore backbones optimized for Tensor Cores,
memory locality, and kernel fusion patterns, producing architectures that outperform manually designed
counterparts under strict latency constraints. This is particularly promising for hybrid CNN-Transformer
models, whose components can be co-optimized for multi-stage execution.

Overall, these optimization strategies highlight a core principle: onboard perception depends not only
on neural architecture, but on its interaction with edge hardware. Real-time UAV autonomy emerges from
balancing model complexity, parallelism, memory bandwidth, thermal behavior, and numerical precision.
As UAVs continue to demand higher speeds and richer perception, hardware-aware optimization will
remain central to translating deep learning advances into practical embedded autonomy [1, 5, 8, 15].

Conclusion

The synthesis of contemporary neural methods for UAV navigation reveals a landscape that is both
technically mature and inherently heterogeneous. Convolutional Neural Networks continue to dominate
real-time perception tasks, providing the latency and stability required for reflexive control during high-
speed flight. Vision Transformers, although significantly more powerful in terms of global semantic
reasoning and occlusion robustness, remain constrained by their computational overhead on embedded
platforms. Reinforcement Learning offers a compelling route toward end-to-end control of nonlinear
UAYV dynamics, yet it still struggles with generalization and reliable sim-to-real transfer, particularly in
safety-critical conditions.

Taken together, these findings indicate that high-speed UAV autonomy cannot rely on any single
architectural family. Instead, the most promising trajectory lies in a deliberately hybridized design, where
multiple neural paradigms operate synergistically within a hierarchical control framework. In such a
system, the first computational tier is responsible for immediate, high-frequency reactions. This reflexive
pathway is implemented using aggressively optimized CNNs—such as pruned variants of YOLOvV8-
Nano—or lightweight hybrid convolution—attention backbones that execute efficiently in FP16 format
under TensorRT on Jetson-class hardware. By leveraging the strong inductive biases of convolutions, this
pathway can rapidly interpret local visual cues, optical flow patterns, and short-horizon geometric
structures, ensuring stable flight and instantaneous obstacle avoidance even under tight latency budgets.

Above this, a slower cognitive pathway provides global situational understanding, long-horizon
reasoning, and accumulated map correction. This layer can be realized through Vision Transformers,
hybrid attention models, or deep-learning—enhanced SLAM frameworks, all of which excel at capturing
wide spatial context and semantic relationships that CNNs inherently struggle to model. Operating at
lower frequency (typically 5-10 Hz), it refines the UAV’s understanding of its environment, identifies
distant targets, updates global maps, and compensates for the drift or perceptual limitations of the
reflexive layer. By separating rapid sensorimotor reflexes from slower cognitive inference—an
organization that mirrors biological neural systems—this architectural division offers a principled route
to reliable, high-speed autonomy on SWaP-constrained embedded hardware.

Looking ahead, the feasibility of fully autonomous, high-velocity UAVs will depend on how
effectively these two pathways can be integrated. Future research must prioritize asynchronous
coordination mechanisms that allow low-latency reflexive responses to coexist with slower, more
deliberative cognitive reasoning without mutual interference. Equally important is the development of
hardware-aware Neural Architecture Search (NAS) methods capable of automatically designing hybrid
models that meet strict latency, memory, and energy budgets of edge platforms. Improvements in sim-to-
real transfer, robust multi-modal fusion, and safety-oriented reinforcement learning will further
strengthen the reliability of such systems.
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In conclusion, the path forward lies in embracing hybrid, hierarchical, and hardware-optimized
approaches rather than searching for a single universal architecture. By combining the speed of CNN-
based reflexes, the contextual capacity of Transformer-driven cognition, and the adaptability of
reinforcement learning, next-generation UAVs can achieve the levels of autonomy, robustness, and
situational awareness required for safe high-speed flight in complex environments.
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AHaJIi3 cy4yacHUX HelipoMepe:KkeBUX METOAiB 00pOo0KH Bi3yaabLHOI
iHdopmaiii B cucremax Hagirauii BucoxkomBuakicanx [IMP

AxTyanbHicTs. CTpiMKa eBoiowis 6e3ninoTHnX JitansHux amnapatiB (BI1IJIA) — Bix mucraHIiHO KepoBaHUX ILIATGOPM 10
MOBHICTIO aBTOHOMHUX BHCOKOIIBUAKICHUX MOBITPSHUX MOOITBHUX POOOTIB — 3YMOBITIOE T IBUIICHUH 3aITUT Ha BIOCKOHAIEH]
MeTou OOPTOBOTO CHPUIHATTA Ta HaBiramii. [Torpeba B Takux migxonax ocoOIMBO BiIUyTHA B YMOBaX, KOJIXA OOYHCIIIOBAIEHA
3aTpUMKa, IIyM CEHCOPIB Ta CKJIAJHICTh HABKOJHIIHBOTO CEpPENOBHINA ITiJPUBAIOTh HAMIHHICTh KIACHYHHUX KOMII IOTEPHO-
30poBUX cucteM. [lompu cyTTeBuii mporpec y cdepi MIMOOKOT0 HaBYaHHS, HASBHI MiAXOAM 10 OOpOOKM Bi3yanbHOL
iHpopmanii — 30kpema CNN-meTekTopH, ceMaHTH4YHI Mojeni Ha ocHoBi Transformer-apxitektyp Ta SLAM-monmymi 3
eJIeMEeHTaMH HaBYaHHS — 3aJIUIIAIOThCS (ParMEHTOBAHMMH Ta HEJOCTATHBO JANTOBAHUMH JO XKOPCTKUX OOMEXEHb 3a
pO3MipoM, Barorm Ta eHeprocnoxuBaHHAM (SWaP), BractuBux BOynmoBanuMm miatdopmam Ha kmrant NVIDIA Jetson. Le
aKTyalizye moTpedy B CHCTEMHOMY OTIAII Cy9acHUX HEHpOapXiTeKTyp, IPUAATHUX U1 pOOOTH B PEeXKHUMi pealbHOrO Yacy Ha
BucokomBuakicHux IIMP.

Mera. MeToI0 AOCTIKCHHS € aHali3 Cy4YacHHX HEWPOHHHX METOMIB BTOPHMHHOI OOpOOKH Bi3yanbHOI iH(oOpMarii B
HaBirauiiinux cucremax [IMP, nopisusiHHs cdep 3acrocyBanns Convolutional Neural Networks (CNNs) i Vision Transformers
(ViTs), ouinroBanHs ix iHTerpanii y SLAM-nincucTeMu Ta BU3HAYEHHS BUMOT 10 TiIOPHIHNX apXiTeKTyp, 3AaTHUX 3a0e31eUnTH
[TOBHICTIO aBTOHOMHUI BUCOKOIIBHAKICHUM IIOJIIT.

MeTtoau. Y po0OTi BUKOPHCTaHO MOPIBHUIBHUI aHaJI3 Cy4acHUX MiIX0/IB IMO0KOro HaB4aHHs, BKitouaroun CNN-netekropu
cimetictea YOLO, BizyanbHi Mozeni Ha ocHOBI Transformer-apxitekryp, SLAM-KOMIIOHEHTH 3 HEHPOHHUMH MOIYJISIMH Ta
MeTo/u yrpaBiiHHA Ha ocHOBI Deep Reinforcement Learning (DRL). OuiHtoBaHHS 3I1HCHIOBANOCS 32 KPUTEPISAMH 3aTPUMKH,
CEeMaHTHYHOI CTIKOCTi, pOOOTH B AMHAMIYHHX CIIEHAX, CYMICHOCTI 3 BOYZOBaHUM O0JIaTHAHHAM, e()eKTHBHOCTI KBaHTYBaHHS,
MOTEHIIIATY CTPYKTYPHOTO MPOPIIKyBaHHS Ta MpoAyKTHBHOCTI ontuMizamii TensorRT wa mpuctposx NVIDIA Jetson.
PesyabTatn. JlocnimkenHs BcraHoBmio, mo CNN-apxiTekTypu 3a0e3nedyroTh HalKpaily HpPOJYKTHBHICTb Y PEKHMI
peanpHOro 4Yacy Ta 3ajMIIAIOTHCS HE3aMiHHUMH JUISi BUCOKOYACTOTHOTO pe(JIEKTOPHOTO CHPUHHATTS, TOAl sK Vision
Transformers JeMOHCTPYIOTh Kpallly 34aTHICTh [0 TII00aJIbHOT0 KOHTEKCTHOTO aHali3y | CTIKIiCTh 0 OKJIFO3iH, aje 3a3HaoTh
3HAUYHUX OOYMCITIOBaIbHUX BUTpaT Ha BOynoBannx GPU. Heitponno mincuneni SLAM-MeTonu MOKpamlyloTh cTabiIbHICTD
03HaK Ta BiJICIIOBaHHA JAWHAMIYHHX 00’€KTIiB, MPOTE BHMAraloTh PETENBbHOI iHTeTpalii i 30epexeHHs] pOOOTH B peaTbHOMY
gaci. AHami3 amapaTHOI peami3amii MMOKa3aB, IO KBaHTYBaHHS, CTPYKTypHE MpopimkyBaHHsA Ta omnrtuMmizamis TensorRT e
KPUTHUYHO BaXJIMBHMH JUI PO3rOpTaHHs TIMOOKHX Moneieil Ha miatdopmax Jetson, xoda ViT-apXiTeKTypu TEeMOHCTPYIOThH
obOmexeHy TosepanTHiCTh 10 INT8-kBaHTyBaHHS. Ha OCHOBI OTpUMaHHX pe3ynbTaTiB chOPMYITbOBAHO KOHIEIIIO TiOpHIHOT
apXiTeKTypH, 110 noeaHye pediaekropHy mBuakoiro CNN-MoayiB i3 KOTHITHBHUMH MOXJIMBOCTSIMU Mojenel Transformer-
TUITY.

BucHoBkn. PesynbraTé JOCHI/KEHHS MiATBEPDKYIOTH HEOOXIAHICT pO3pPOOJIEHHS TiOpHIHMX HEHpOoapXiTeKTyp, sKi
IHTErpyIoTh HIBUAKOJIIO Ta amapatHy edektuBHiCTE CNN-Mepex i3 cemanTH4yHOI0 TmoOuHoro Transformer-moneneid. Taki
CHCTEMH CTaHOBJIATH IIEPCIEKTHBHUN HAMPSM PO3BUTKY HaJiHHOI, MOBHICTIO aBTOHOMHOT BHCOKOIIBHAKiCHOT HaBiramii [IMP.
3amponoHOBaHi NMPUHIUIH aKIEHTYIOTh Ha 1€papXiYHOMY YIpaBIiHHI, ACHHXPOHHHX KOHTYpax CHPHUIHATTS Ta amnapaTHO
Opi€HTOBaHiH onTUMI3amii K KIFOYOBUX YNHHUKAX IS cTBOpeHHS [IMP HOBOTO MOKOJiHHS.

Kniouosi cnosa: IIMP, eucoxowsuokicna nasicayis, CNN, Vision Transformer, SLAM, Reinforcement Learning, edge-
o6yucnenns, Jetson, TensorRT, keanmyeanns, npopiodicyeanisi, 2iOpudHi apximexmypu.
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