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ABSTRACT 
Context. Ensuring robust, adaptable, and compute-efficient object detection in UAV aerial imagery under distribution shifts, 

structured and unstructured noise, and strict onboard latency/energy budgets is an urgent scientific task.  
A compute-aware detector and a complementary training/adaptation method that integrate a dynamic transformer backbone with 

gate units, parameter-efficient adapters, and resource-bounded test-time adaptation to sustain accuracy under realistic perturbations 
and domain shift.  

Objective. Development of a model and method for object detection in aerial imagery that jointly provide robustness and 
adaptability while meeting embedded compute and real-time constraints typical of onboard UAV systems.  

Methods. The approach combines dynamic neural networks with Gumbel-Softmax gate units over a ViT-T/16 backbone, a 
Simple FPN and a RetinaNet-like one-stage head, budget-aware losses that target a desired dynamic compression rate, structured 
procedural noise (Perlin, Gabor, Worley) for robustness training, LeakyReLU6 with a straight-through estimator for stable gradients, 
and test-time adaptation via objectness-weighted marginal-entropy minimization on lightweight adapters.  

Results. On VEDAI, a gated ViT-T/16 detector reaches mAP@0.5 of 0.77 at ~5.0 GFLOPs and 17.8 FPS, rising to 0.79 with 
adapters and TTA, whereas a static counterpart attains 0.74 at 9.6 GFLOPs and 10.6 FPS; pretraining with procedural noise lifts 
accuracy further to 0.80 (gated) and 0.82 (gated+TTA) with minimal compute overhead. Under domain shift (trained on VisDrone, 
evaluated on VEDAI), dynamic gating and TTA improve mAP from 0.54 to 0.60 without noise pretraining and up to 0.66 with it, 
sustaining ~5.4–5.6 GFLOPs and ~16–17 FPS within an 8–10 GFLOPs budget on 4×A76 CPUs.  

Conclusions. The proposed object detection model and method – combining dynamic gating, perturbation-aware training, and 
budgeted test-time adaptation – reduce average compute while increasing robustness and adaptability, yielding a superior accuracy-
throughput trade-off for UAV onboard deployment under real-world disturbances and distribution shifts. 

KEYWORDS: object detection, robustness, adaptability, adversarial procedural noise, dynamic neural network. 
 

ABBREVIATIONS 
ASIC is an application-specific integrated circuit; 
CNN is a convolutional neural network;  
DINO  is a self-distillation with no labels; 
FLOP is a floating-point operations per second; 
FPN is a feature pyramid network; 
FPS are frames per second; 
GFLOP is a billion FLOPS; 
IoU is an intersection over union metric; 
LN is a layernorm; 
MAE is a masked auto-encoding; 
mAP is a mean average precision 
MLP is a multi-layer perceptron; 
MSA is a multi-head self-attention; 
MSN is a masked siamese networks; 
NPU is a neural processing unit 
SoC is a system on a chip;  
STE is a straight-through estimator; 
TTA is a test-time adaptation; 
UAV is an unmanned aerial vehicles; 
VEDAI is a vehicle detection in aerial imagery. 

 
 
 

NOMENCLATURE 

ka  is an adapter function; 

FLOPsB   is a maximum average number of floating-

point operations per frame; 

FPSB   is a minimum required throughput in frames 

per second; 
C  is a number of classes; 

kf  is a function of calculating the features of the k-th 

structural block of Visual Transformer (Multi-head Self-
Attention without residual connection, Feed-Forward 
Network without residual connection); 

f  is a detector models with a transformer backbone, 

gate units for dynamic computation, parameter-efficient 
adapters, and a test-time adaptation mechanism; 

F  is a set of random control points (feature points); 

kg  is a gate function,  1,0kg ; 

ikg ,  is an output of the k-th gate for the i-th training 

data instance; 
),( yxg  is a Gabor noise function; 

),( yxGper  is a sinusoidal transformation for Perlin 

noise; 

85



p-ISSN 1607-3274   Радіоелектроніка, інформатика, управління. 2026. № 2 
e-ISSN 2313-688X  Radio Electronics, Computer Science, Control. 2026. № 2 

 
 

© Moskalenko V. V., Moskalenko A. S.,  Moskalenko Y. V. Vatsenko A. V., 2026 
DOI 10.15588/1607-3274-2026-2-8   
 

k  is a k-th block depending on the conditions; 
K  is a number of gate units that control the activation 

of K neural network blocks; 
L  is a composite loss function; 

usageL  is a set of parameters of tuners; 

locL  is a bounding box regression loss; 

clsL  is a classification loss; 

usageL  is a function that calculates the deviation of 

the desired dynamic compression rate of the neural 
network from the real one; 

TTAL  is a loss function for Test-Time Adaptation takes 

the following form; 
n  is a size of the training mini-batch; 

)(b
ao  is an objectness logit at anchor a  under 

augmentation b ; 

tp   is a probability of predicting the i-th class; 

)(p  is a classic 2D Perlin noise function; 

jiP ,  are predicted values of the difference between the 

coordinates and the size of the anchor and target boxes; 
)(b

ap  is a class-probability vector for anchor under 

augmentation b obtained by applying a softmax to the 

class logits )(b
az ; 

),( yxS per  is a perlin noise; 

),( yxSgab  is a resulting Gabor noise; 

kt  is an approximated target rate of execution of each 

neural network block on a data mini-batch )1,0(kt , 

( 5.0kt by default); 

jiT ,  are real values of the difference in coordinates 

and size of the anchor and target boxes; 

aw  is an objectness weight (downweights clear 

background); 
),( yxW  is a Worley noise (cellular noise); 

),( ii yx  are coordinates of randomly selected kernel 

placement points; 
),( yx   is a pixel or point coordinates in space; 

1kz  is an input tensor; 

kz  is an output tensor; 

  is a shaping exponent that controls how strongly 

the average objectness influences the weight (lower γ 
softens background down-weighting), ]1,0[ ; 

  is a focus parameter; 

  is a noise amplitude parameter; 
*  is a detector parameters; 

  is a wavelength (harmonic period); 

loc   is a trade-off coefficients between different 

components of the composite loss function; 

cls   is a trade-off coefficients between different 

components of the composite loss function; 

usage   is a trade-off coefficients between different 

components of the composite loss function; 

x  is a wavelength parameters along x axis;  

y  is a wavelength parameters along y axe; 

  is a number of orientations (degree of isotropy); 

)(   is a logistic sigmoid function; 

  is a Gaussian envelope width; 

sine  is a sinusoidal frequency parameter; 

  is an orientation; 
  is a number of octaves (i.e., detail levels). 

 
INTRODUCTION 

Aerial imagery for UAV-based perception exhibits 
extreme diversity in viewing geometry, object scale, and 
background clutter, together with frequent distribution 
shifts driven by altitude, platform dynamics, sensor 
changes, illumination, weather, and seasonal patterns [1]. 
These factors strain both data requirements and compute 
budgets on-board, where energy, memory, and latency are 
strictly constrained. While compression techniques 
(pruning, quantization, distillation) reduce model size and 
operations, they often degrade resilience to perturbations 
and are brittle under domain shift, particularly for small or 
densely packed targets typical in aerial scenes [2]. 

Robustness in vision models has been pursued through 
ensembling, denoising, adversarial training, redundancy 
of pathways, and training on augmented or corrupted data 
[3, 4]. However, many of these strategies assume ample 
resources or cloud inference, and their benefits in the 
onboard UAV regime are limited by added compute and 
memory overheads. Moreover, robustness evaluations 
commonly emphasize image classification benchmarks, 
leaving object detection where localization errors under 
noise or shift can be safety-critical – comparatively 
underexplored. 

Recent progress in object detection has focused on 
architectural refinements (convolutional backbones, 
transformer-based detectors) and micro-architectural 
changes that improve multi-scale localization and 
classification accuracy [5]. In parallel, dynamic inference 
and conditional computation have emerged to better 
allocate computation across inputs or spatial regions, 
reporting promising efficiency gains [6]. Yet much of this 
evidence comes from classification tasks and desktop 
settings; systematic studies on detection-specific 
robustness (e.g., stability of proposals, localization under 
corruptions, routing consistency under nuisance variation) 
remain scarce. Likewise, parameter-efficient transfer 
methods (e.g., adapters, LoRA) demonstrate strong data 
and compute-efficiency in domain adaptation, but their 
interaction with dynamic execution and their behavior 
under tight real-time constraints typical of UAVs are 
insufficiently characterized. 

Another active direction is TTA, which aims to cope 
with distribution shift without labels by optimizing 
unsupervised objectives during deployment [7]. Although 
TTA can recover accuracy under moderate shift, its 
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safety, stability, and compute footprint on embedded 
platforms remain open issues particularly for detectors, 
where adaptation must avoid catastrophic calibration drift 
and preserve real-time throughput. Existing evaluations 
seldom combine TTA with stringent FLOPs/latency 
budgets or with stressors resembling real aerial artifacts 
such as atmospheric effects, compression noise, or 
structured procedural textures. 

There is a research gap in simultaneously ensuring 
robustness, adaptability, and reducing the computational 
complexity of object detection models in aerial imagery. 
Prior work typically optimizes one or two of these axes in 
isolation – e.g., efficiency without adaptation, adaptation 
without robustness guarantees, or robustness with 
unconstrained resources – leaving UAV systems 
vulnerable to realistic shifts, structured and unstructured 
noise, and onboard compute limits. 

The aim of this research is to establish a compute-
aware framework for robustness and adaptability in object 
detectors for aerial imagery, suitable for onboard UAV 
deployment under strict latency and energy constraints. 

Robustness is the ability of a detector to maintain 
functionality under destructive perturbations (noise, 
environmental shifts). We quantify it via residual 
performance under corruption and report it jointly with 
compute and latency. Adaptability is the ability of a 
detector to recover or preserve accuracy under 
distribution shift (changes in altitude, optics, weather, 
background, platform) without full retraining, through (I) 
conditional use of capacity at inference time and/or (II) 
lightweight parameter updates that respect onboard 
budgets. 

The key issues are as follows: 
– analysis of existing solutions for ensuring 

robustness, adaptability, and reduced computational 
complexity in object detection for aerial imagery, with 
emphasis on onboard UAV constraints; 

– development of a dynamic (adaptive) neural network 
detector for aerial imagery that supports conditional 
computation and parameter-efficient adaptation, while 
operating under high observation variability and resisting 
diverse noise types and network weight corruption; 

– development of a training and online-evaluation 
methodology to ensure robustness and adaptability, 
including adversarial training, corruption curricula with 
procedural noises (Worley, Perlin, Gabor), and budget-
aware objectives; additionally, support test-time 
adaptation via unsupervised objectives (e.g., entropy 
minimization) with stability safeguards. 

Structurally, the work consists of the following 
sections. The related works are analyzed in the Section 2. 
The Section 3 presents a new computational efficient 
model for object detection on aerial images. The Section 4 
describes a new training and tuning method used to 
provide computational efficiency, model robustness and 
adaptability to input perturbations. The Section 5 
describes the experimental results of testing of the 
proposed object detection model and training method. The 
research results are discussed in the Section 6. The last 

section concludes the paper and describes the directions 
of future research. 

 
1 PROBLEM STATEMENT 

Suppose we are given: a labelled dataset   ii yxD ,  

of UAV aerial images ix  with ground-truth bounding 

boxes and classes iy ; a set   of corruption and shift 

operators )(: xx    that model realistic perturbations 

of UAV imagery (changes in altitude, optics, illumination, 
weather, background, as well as structured noises such as 
Perlin, Gabor, and Worley fields); a target hardware 
platform with an onboard compute – latency budget 

),( FPSFLOPs BBB  , where FLOPsB  is the maximum 

average number of floating-point operations per frame 
and FPSB  is the minimum required throughput in frames 

per second; a family of detector models f  with a 

transformer backbone, gate units for dynamic 
computation, parameter-efficient adapters, and a TTA 
mechanism.  

The problem of resource-efficient, robust, and 
adaptive object detection in UAV imagery consists in 
finding a detector *f  and an associated adaptation 

policy such that maximize the detection quality on UAV 
data, measured by the mean Average Precision at IoU 0.5 
(mAP@0.5). The optimization criterion is to maximize 
the residual detection quality under perturbations and 
shift, for example: 
 


  max)( fmAProb . (1)

 
The constraints are:  

 

FLOPsBfC  )( , FPSBfF  )( . (2)

 
The output variables of the problem are 

– the detector parameters *  (backbone, FPN, 
detection head, gate units, adapters); 

– the dynamic gating policy and TTA parameters that 
define which blocks are executed and how adapters are 
updated at test time. 
 

2 REVIEW OF THE LITERATURE 
Two-stage (e.g., Faster R-CNN) and one-stage (e.g., 

YOLO, RetinaNet) detectors based on CNNs have long 
been the mainstay of object detection [7, 8]. These models 
achieve high accuracy across scales via multi-level 
feature pyramids and specialized heads for classification 
and localization. In UAV aerial imagery, however, the 
high density of small targets, extreme multi-scale 
variation, and complex backgrounds increase architectural 
complexity and raise demands on computation and 
memory, which conflicts with onboard real-time 
requirements. 
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Vision Transformers (ViTs) and their derivatives 
improve integration of local and global context and often 
generalize well on large datasets [9]. Nevertheless, 
transformers are typically less compute-efficient than 
CNNs, which challenges real-time deployment on UAV 
hardware. Furthermore, much of the literature assumes 
stationary datasets and offline inference; adaptation at 
deployment time (e.g., TTA) to cope with altitude, 
illumination, or sensor shifts is underexplored for 
detectors, despite being highly relevant for UAV missions 
operating in non-stationary environments [10]. 

Mainstream CNN- and ViT-based detectors deliver 
accuracy, but their resource footprint and limited attention 
to deployment-time adaptation hinder practicality for 
onboard UAV perception. 

Architectures such as Bi-PAN-FPN [11] and 
EUAVDet [12] improve the speed-accuracy trade-off for 
aerial images by optimizing multi-scale fusion (e.g., 
lightweight necks and ghost modules), which helps detect 
small objects at reduced FLOPs. In parallel, model 
compression – quantization, pruning, and knowledge 
distillation – remains a standard path to fit detectors into 
constrained platforms [13]. 

However, aggressive compression can reduce 
robustness to distribution shifts and corruptions. This has 
motivated dynamic inference approaches – early-exit 
networks and gate-based conditional computation – that 
allocate compute adaptively across inputs or spatial 
regions [14, 15]. While such methods lower average cost, 
their interaction with TTA and their behavior under strict 
onboard latency/energy budgets remain insufficiently 
characterized for detection tasks. 

Beyond static efficiency, a growing body of work 
investigates parameter-efficient transfer and test-
time/online adaptation to handle distribution shift without 
full retraining. Yet most evaluations target classification 
and desktop-class hardware; for UAV detectors, open 
issues include stability of adaptation, budgeted update 
policies, and compatibility with conditional compute 
under real-time constraints. 

Efficient neck/FPN designs and compression reduce 
cost, and dynamic inference offers adaptive compute; 
still, resource-bounded TTA for detectors is not 
comprehensively studied, especially under realistic UAV 
constraints. 

Despite architectural progress, neural networks remain 
vulnerable to adversarial attacks, sensor faults, and out-
of-distribution inputs – risks amplified in UAV 
operations. Both CNNs and ViTs have been shown to be 
sensitive to such disturbances [16]. Reported 
countermeasures span ensemble defenses [17], sensor-
specific designs (e.g., SAR-oriented approaches) [18], 
dynamic inference with incidental robustness benefits 
[19], adversarial training and corruption-focused training 
protocols [20], as well as input preprocessing, 
postprocessing, and architectural modifications [21]. 
Meta-learning has also been explored to improve 
classifier resilience [22]. Much of this evidence, however, 
originates from classification settings and desktop-class 

hardware, with limited emphasis on real-time constraints 
and detection-specific failure modes relevant to onboard 
UAV platforms. 

Dynamic neural networks have been investigated as a 
means to couple adaptability with efficiency. Through 
conditional computation – via gate units or early exits – 
models can select subpaths conditioned on the input, 
effectively yielding dynamic compression by skipping 
non-essential blocks while allocating capacity to harder 
regions or instances [17, 22, 23]. When routing policies 
are trained or regularized under corruptions and domain 
shifts, studies report a tendency to prefer more stable, 
noise-tolerant blocks, suggesting that conditional 
execution can contribute to robustness while reducing 
average compute. Such input- and region-dependent 
allocation of depth and receptive fields is relevant for 
aerial scenes with dense small objects and rapidly varying 
observation conditions. 

TTA has emerged as a popular strategy to handle 
distribution shift without labels at deployment. Prior work 
examines unsupervised objectives and lightweight 
parameter updates to improve performance under 
changing conditions (e.g., altitude, optics, illumination, 
background), typically constraining the set of updated 
parameters and the update frequency to respect latency 
and energy budgets [7, 24]. In detection, the literature 
increasingly considers how TTA interacts with 
conditional computation and streaming data, though 
comprehensive evaluations under strict onboard 
constraints remain relatively sparse. 

Robustness studies for aerial sensing also emphasize 
exposure to diverse, realistic perturbations. Beyond 
classical corruptions, researchers increasingly use 
synthetic structured noise fields – such as Worley, Gabor, 
and Perlin to approximate real structured disturbances 
(e.g., texture variations, atmospheric effects, codec 
artifacts, sensor patterns) [25]. These synthetic fields are 
employed within adversarial training or data 
augmentation to emulate in-the-wild variability and to 
probe localization stability, proposal consistency, and 
small-object recall. 

Taken together, the literature points to complementary 
lines of progress – dynamic inference for adaptive 
compute, TTA for deployment-time tuning/fine-tuning 
under shift, and training/evaluation protocols that 
incorporate synthetic structured noise to mimic real 
conditions. At the same time, detector-focused, resource-
bounded studies that jointly assess these elements under 
real-time power, memory, and stability constraints typical 
of onboard UAV systems remain limited. 
 

3 MATERIALS AND METHODS 
As the backbone, we use a Transformer – ViT-T/16 or 

ViT-S/16 – pre-trained on a large dataset [26]. To 
improve computational efficiency and adaptability to 
context and disturbances, we introduce gating units that 
dynamically disable irrelevant or misleading Transformer 
encoders and their corresponding parallel adapters. In 
other words, only the relevant features are computed by 
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an activated subset of layers. The proposed dynamic 
backbone architecture is shown in Fig. 1. The backbone is 
composed of sequential blocks (structural units). Each 
network block includes a MSA block, a MLP block with 
skip connections, a gating unit gk that activates or 
deactivates the k-th block depending on the conditions, 
and an adapter unit ak for test-time adaptation to 
disturbances. 

 

 
a 

 
b 

Figure 1 – Schematic illustration of the structural unit of a 
dynamic visual transformer based backbone: 

a – training mode; b – inference mode 
 

The dependence between the input tensor zk–1 and the 
output tensor zk of the k-th block with the corresponding 
skip connection and gate at training time can be defined 
as follows: 

 

  )( 111
'

  kkkkkk zMSAzgzz , (3)

)()()()( 11
'

1
'

  kkkkkkkkkk zazgzMLPzgzz . (4)

 
The computational graph for inference can be defined 

as follows: 


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z  (5)

where 
11)(

~
  kk zzMSAkz . 

Based on the functional purpose of the gate unit and 
the specifics of training multilayer neural networks, it 
should have the following properties [27]: 

– low computational complexity compared to the 
building block that is activated or deactivated; 

– stochasticity to prevent the mode from decaying into 
trivial decisions, such as always or never executing a 
block; 

– the ability to generate discrete solutions and 
calculate gradients to optimize the parameters of the gate 
unit. 

Fig. 2 shows the structure of the gate unit in the 
training and inference modes. The addition of Gumbel 
noise ))log(log( UG   , where  U ~ Unif[0, 1], to the 

neural output of the gate unit allows us to add some 
stochasticity to avoid trivial solutions in the inference 
mode. The use of Gumbel-Softmax trick ensures the 
differentiation of the gate unit and the ability to optimize 
its parameters. 

In the experiments, the gate unit model is the same for 
all network blocks. MLP with one hidden layer of 24 
neurons and an output layer of 2 neurons is used to 
calculate the relevance features of blocks in the gate unit. 
The activation function used is the LeakyReLU6 
described above. In the case of a convolutional network, 
the Pooling function can be implemented as global 
average pooling. In the case of the visual transformer, the 
sequence of token vectors is first reshaped into a 2D grid 
similar to the intermediate representation of CNN, 
followed by convolution (16 filters with a 3x3 kernel) і 
Max Pool 2х2 [28]. 

 

 
Figure 2 – The architecture of the gate unit 

 
The larger the model, the more computationally 

complex it is to fine-tune for adaptation to new 
conditions. Moreover, there is a potential risk of 
catastrophic forgetting under the influence of new 
information. Therefore, it is proposed to attach ka  tuners 

to the model, which can be computationally efficient in 
fine-tuning [29]. In this case, the weight coefficients of 
the model remain frozen. The parallel method of 
connecting a tuner (adapter) to the frozen blocks of the 
model is the most convenient and versatile approach. 
Various tuner (adapter) architectures have become 
popular in the literature, with the most computationally 
efficient ones shown in Fig. 3. 
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Figure 3 – Parameter-efficient adapter architecture for each 

block of backbone 
 

Efficient adaptation of the task-agnostic plain 
backbone to a specific task of detecting objects in aerial 
images requires adding a specific task-specific bottleneck 
to the backbone output. This bottleneck should separate 
the features that are most convenient for encoding 
information about detected objects of different sizes. In 
[30], the so-called Simple Feature Piramid Network was 
proposed, which forms 4 different scale feature maps 
(Fig. 4). The 1/32 scale is built by stride-2 2×2 max 
pooling (average pooling or convolution works similarly). 
The 1/16 scale simply uses the ViT’s final feature map. 
Scale 1/8 (or 1/4 ) is built by one (or two) 2×2 
deconvolution layer(s) with stride=2. In the 1/4 scale 
case, the first deconvolution is followed by LN and 
LeakyReLU6 [31]. Then for each pyramid level, we apply 
a 1×1 convolution with LN to reduce dimension to 256 
and then a 3×3 convolution also with LN, similar to the 
per-level processing of FPN.  

It is proposed to use the LeakyReLU6 activation 
function, which combines the advantages of ReLU6 and 
LeakyReLU activation functions, to increase the 
robustness to disturbances. ReLU6 reduces the attack 
surface by limiting the maximum value of the activation 
function. LeakyReLU activation function enhances 
network adaptation efficiency and speed by providing 
more informative gradients.  

To align training and inference processes, we apply a 
so-called STE for the LeakyReLU6 function [31]. In the 
forward pass, hard-bounded activation 

)),,min(max( cxaxyhard   with c = 6 is used, while in the 

backward pass, the gradient is taken from the “soft” 
version with smooth bounding 

)/)(_tanh(* cxreluleakycyhard  .  

The STE implementation is given as 
)(yy hard hardsoft yystopgrad  , which preserves 

quantization-friendly and range-stable forward operations 
and provides smooth, informative gradients without 
gradient masking effects. 

Detection head, which is applied to each feature map, 
calculates confidence and bounding boxes for detected 
objects. The detection head consists of regression box 
subnetworks and a classifier subnetwork (Fig. 5) [30]. It 
is proposed to build a one-stage detection architecture 
similar to RetinaNet to improve performance. 9 anchor 

boxes are formed for each feature map cell, each with 
different size and aspect ratio [30].  

 

 
Figure 4 – Architecture of Simple Feature Piramid Network for 

Plain Backbone 
 

Each target box is matched with anchor boxes at each 
step of the training. If the IoU between the anchor box 
and the target box is greater than 0.5, the corresponding 
anchor box is assigned to the target box. If the IoU is less 
than 0.4, the anchor box is considered a background box. 
In all other cases, the anchor box will be ignored during 
training. The classification subnetwork is trained with 
respect to the resulting assignments (object class or 
background). The regression subnetwork is trained with 
respect to the coordinates of the selected anchor box. The 
error is calculated relative to the anchor box, not the 
target box. 

The training procedure is proposed to proceed in 
several stages (Fig. 6). In the first stage, we obtain an 
initialization that serves as a starting point for searching 
task-optimal parameters. Visual transformers can be pre-
trained using any effective strategy; at present, the most 
capable self-supervised approaches include MAE, MSN 
[32], DINO [33], and DINOv2 [34]. In the second stage, a 
detection head is attached and the model is fine-tuned for 
object recognition in aerial imagery. Next, gate units and 
adapters are incorporated, and training is conducted on 
data with standard augmentation as well as with 
procedurally generated noise. Finally, when high 
predictive uncertainty is detected at the network output, 
test-time adaptation may be applied by tuning the adapters 
on augmented versions of the input to minimize the 
marginal entropy at the network’s output. 
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Figure 5 – RetinaNet-like Detection Head 

 

 
Figure 6 – Stages of the proposed training procedure for the 

object-detection neural network. 
 

Fine-tuning the backbone and training the FPN with 
the detection head involves minimizing the composite 
loss function: 
 

usageusageclsclslocloc LLLL  . (6)

 
Bounding box regression loss is calculated by the 

formula: 
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The classification loss is calculated using the focal 
loss function formula: 

 

)log()1( ttcls ppL  . (9)

 
Function (8) is an improved cross-entropy function. 

The difference consists in the addition of the parameter 
  ,0 , which solves the problem of unbalanced 

classes. In training, most of the objects processed by the 
classifier are background, which is a separate class. 
Therefore, there may be a problem when the neural 
network learns to detect the background better than other 
objects. The additional parameter solved this problem by 
reducing the error value for easily classified object 
classes. 

The Lusage function that calculates the deviation of the 
desired dynamic compression rate of the neural network 
from the real one. This function is affected by the number 
of activated blocks of the main model based on decisions 
made by the gate units. The Lusage function is calculated 
similarly to [34]: 
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To model natural but adversarial visual distortions that 

typically degrade image to model natural adversarial 
visual distortions that degrade image matching 
performance, we introduce structured procedural noise 
during training. Specifically, Gabor, Perlin, and Worley 
noise patterns perturb input data to approximate real-
world conditions such as shadows, surface textures, 
occlusions, and lighting inconsistencies. Unlike 
unstructured Gaussian noise, these patterns introduce 
semantically plausible perturbations mimicking natural 
variability, forcing the model to focus on stable, 
semantically meaningful features rather than texture-
dependent or unstable keypoints. 

Perlin noise models organic variations similar to 
lighting gradients or natural surfaces. It is generated by 
interpolating gradients at grid node points and is typically 
implemented recursively to create fractal behavior. Perlin 
noise is constructed as a fractal sum of smoothed co-
frequencies in frequency space [35]: 
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To enhance visual contrast, researchers often apply a 

sinusoidal transformation: 
 

)),(2sin(),( yxSyxG persineper  . (12)
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Gabor noise imitates directional structures, such as 
cast shadows or repetitive patterns (e.g., fences, roofing). 
Gabor noise is defined as the convolution of sparse white 
noise with a Gabor kernel [9]: 
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The resulting Gabor noise is generated as a sum of 

convolutions: 
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Worley noise (cellular noise) models’ structural 

irregularities, such as stone patterns, cracked surfaces, or 
uneven terrain. It is defined through distance computation 
to the nearest point in a grid of pseudo-random control 
points [35]: 
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To ensure generalization during adversarial training, 
procedural noise parameters (orientation, frequency, 
phase, element spacing) are randomized per iteration or 
mini-batch. Perturbation amplitude is limited to 3–8% of 
dynamic range to preserve visual plausibility. The 
resulting image is formed by additive noise superposition: 
 

),( yxNIInoisy  . (16)

  
This produces barely noticeable yet semantically 

destructive perturbations, ideal for structured adversarial 
training, improving model robustness to visual variability 
in real aerial images. 

Tuning of the adapter parameters using the method of 
marginal entropy minimization with one test point [36] to 
increase the robustness of the model. For each 
augmentation Bb ..1  of the same test input, the model 

head (pre-NMS) produces class logits Cb
a Rz )(  for each 

anchor a  and an objectness logit Ro b
a )( . Averaging 

across augmentations is used to obtain the marginal class 
distribution, given by: 
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At the pre-NMS level we have a huge number of 
anchor/grid cells Aa ..1 , and most of them are 
background. If we minimize plain marginal entropy 
averaged over all cells, the loss is dominated by 
background cells. During TTA the model would then 
mainly learn to reduce entropy on background, diluting 
the useful signal from true object locations. Weighting the 
entropy by objectness focuses learning on cells that likely 
contain an object and suppresses background influence – 
conceptually similar to how focal loss downweights easy 
negatives. Therefore, the loss function for TTA  takes the 
following form: 
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Accordingly, the proposed method enables model 

adaptation by dynamically activating the most relevant 
modules for processing the input data and by facilitating 
rapid adaptation to novelty through the application of a 
TTA mechanism to the adapters. Taken together, these 
components are aimed at improving object recognition 
performance in aerial imagery under challenging 
conditions. 

 
4 EXPERIMENTS 

Modern UAVs increasingly rely on companion 
computers to sustain autonomy under challenging 
conditions. We target representative mobile SoCs suitable 
for small UAVs: Rockchip RK3588 (designed in Сhina, 
Manufactured in South Korea), MediaTek Dimensity 800 
/ 820 (designed in Taiwan, manufactured in Taiwan), 
Qualcomm Snapdragon 855 (designed in USA, 
manufactured in Taiwan). All of the cited chips feature a 
4× Cortex-A76 + 4× Cortex-A55 big.LITTLE CPU 
cluster, which constitutes a high-performance 
configuration for mobile applications, offering strong 
single-threaded throughput from the A76 “big” cores and 
energy-efficient background processing on the A55 
“little” cores.  

To sustain >10 FPS on a CPU cluster comparable to 
4× Cortex-A76 + 4× Cortex-A55, the end-to-end detector 
should not exceed ≈8–10 GFLOPs per image. 
Accordingly, we cap the backbone at ≤5–7 GFLOPs (for 
512×512 inputs), leaving the remaining budget for the 
neck/head. Suitable backbones include ViT-T/16 
(preferred) or ViT-S/16 with aggressive dynamic gating 
and/or a reduced input resolution [26]. To meet this 
budget we rely on dynamic compression via gate units, 
which skip computations in a data-dependent manner and 
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thus lower average FLOPs while preserving accuracy on 
difficult inputs. In this study we execute on CPU cores 
only, as this simplifies implementing dynamic control 
flow; current NPU toolchains generally favor static 
graphs and restricted operator sets, which complicates 
dynamic execution. Exploring NPU-based dynamic 
inference – e.g., via pre-deployed subnetworks and 
runtime selection – is left for future work. 

This study does not explore the impact of different 
backbone pretraining methods on the efficiency of 
incorporating dynamic model compression or on 
robustness. Therefore, we will choose one of the most 
well-researched methods, MAE. In this case, the 
pretraining is done on the ImageNet-1k dataset with a 
resolution of 512x512 pixels [37]. During fine-tuning, a 
step-wise learning rate is used, starting at 0.1 and 
decaying by a factor of 10 after 150 and 250 epochs. 
VEDAI [38] and VisDrone [39] is a dataset of annotated 
images with a resolution of 512x512, used for supervised 
learning and test-time evaluation and adaptation. 

The loss function (8) has the following component 
coefficients: loc  = 0.5, cls  = 0.5, usage  = 2. It is 

proposed to calculate the computational complexity of the 
model in inference mode as the average FLOPs on the test 
dataset. It is affected by the parameter kt , which can also 

be called Dynamic compression rate. This parameter is an 
approximated target rate of execution of each neural 
network block on a data mini-batch during the training 
phase.  

The mAP for all detection categories is used as an 
evaluation metric of the object detector on aerial images. 
The Average Precision of each class is calculated as the 
area under the Precision-Recall curve [40]. Further, mAP 
is defined as mAP@0.5, which represents the mean 
Average Precision when the IoU threshold is set to 0.5.  

Taking into account the elements of randomization, it 
is proposed to use the average values when evaluating 
mAP and FLOPs. For this, 100 instances of a specific 
type of disturbance are generated and applied to the same 
model or dataset. 

5 RESULTS 
To evaluate the effectiveness of the proposed 

approach, we analyze its training outcomes on the VEDAI 
dataset as an ablation study. Table 1 presents results 
obtained under training regimes with and without data 
augmentation via procedural noise. The table reports 
numerical values for mAP@0.5, the average 
computational cost in GFLOPs per frame, and processing 
throughput in FPS. All values are averaged over identical 
subsamples and are reported as most likely estimates for 
the target hardware; deviations of approximately ±0.5 
FPS and ±0.01 mAP are possible due to data variability 
and the CPU scheduler. 

Analysis of Table 1 indicates that, within the same 
domain (VEDAI), a dynamic backbone with compression 
≈0.5 consistently halves the average FLOPs (from 9.6 
GFLOPs per frame to ~5 GFLOPs per frame) and 
accelerates inference from 10 FPS to 17–18 FPS, while 
improving mAP by ≈+0.03–+0.04 over the conventional 
(static) counterpart. Pretraining on structured 
perturbations contributes an additional ≈+0.03 mAP, and 
incorporating lightweight adapters with TTA yields a 
further ≈+0.02–+0.03 mAP at a minor throughput penalty 
(~0.5–1.0 FPS). The highest accuracy is achieved by the 
configuration with a dynamic ViT-T/16 pretrained on data 
augmented with procedural noise (Perlin/Gabor/Worley) 
and using TTA (mAP 0.82), within the same 
computational budget. For VEDAI in the absence of 
domain shift, the dynamic backbone provides a better 
accuracy – throughput trade-off than the static one, while 
perturbation-informed pretraining and TTA deliver 
additional accuracy gains without exceeding the 8–10 
GFLOPs budget. 

Table 2 presents the evaluation results of the proposed 
model, trained on the VisDrone dataset, when assessed on 
the VEDAI dataset to simulate a domain shift. These 
experimental findings are intended to demonstrate how 
the model’s behavior differs under domain shift. 
 

 

Table 1 – Results of evaluating the proposed model on the VEDAI dataset after training on VEDAI 
 

Training mode Model and method mAP@0.5 Avrg GFLOPs FPS 
Conventional 
ViT-T/16 

0.74 9.6 10.6 

ViT-T/16 with trained gate 
unites (compression rate ≈ 
0.5) 

0.77 5.0 17.8 

Without pretraining on augmented 
data with procedural noise 

ViT-T/16 with trained gate 
unites (compression rate ≈ 
0.5) and adapters tuned by 
TTA 

0.79 5.3 17.0 

Conventional 
ViT-T/16 

0.77 9.8 10.4 

ViT-T/16 with trained gate 
unites (compression rate ≈ 
0.5) 

0.80 5.2 17.3 

Pretraining on augmented data with 
procedural noise 
(Perlin/Gabor/Worley) 

ViT-T/16 with trained gate 
unites (compression rate ≈ 
0.5) and adapters tuned by 
TTA 

0.82 5.5 16.6 
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Table 2 – Evaluation results of the proposed model on the VEDAI dataset, trained on unperturbed data from the VisDrone dataset 
 

Training mode Model and method mAP@0.5 Avrg GFLOPs FPS 
Conventional ViT-T/16 0.54 9.6 10.4 
ViT-T/16 with trained gate unites (compression 
rate ≈ 0.5) 

0.57 5.1 17.6 
Without pretraining on 
augmented data with 
procedural noise 

ViT-T/16 with trained gate unites (compression 
rate ≈ 0.5) and adapters tuned by TTA 

0.60 5.4 16.8 

Conventional ViT-T/16 0.58 9.8 10.2 
ViT-T/16 with trained gate unites (compression 
rate ≈ 0.5) 

0.62 5.3 17.1 
Pretraining on augmented 
data with procedural noise 
(Perlin/Gabor/Worley) 

ViT-T/16 with trained gate unites (compression 
rate ≈ 0.5) and adapters tuned by TTA 

0.66 5.6 16.3 

 
Analysis of Tables 1 and 2 shows that due to domain 

shift (VisDrone→VEDAI), absolute metrics decrease 
compared to the single-domain setting 
(VEDAI→VEDAI): for the static version, mAP@0.5 
drops from 0.74–0.77 to 0.54–0.58, and for the dynamic 
version with adapters and TTA from 0.79–0.82 to 0.60–
0.66. However, the relative gain of the dynamic model is 
preserved at +0.03 to +0.08 mAP under a similar budget – 
approximately 5.4–5.6 GFLOPs for the dynamic model 
versus 9.6–9.8 GFLOPs for the static one – which 
confirms the better generalization ability of the proposed 
approach even under domain shift. At the same time, 
pretraining on perturbed data with procedural noise 
(Perlin/Gabor/Worley) consistently adds about +0.03 
mAP to accuracy both within a single domain and under 
domain shift. 

 
6 DISCUSSION 

The results in Tables 1–2 demonstrate that a dynamic 
backbone with gate units reduces the average inference 
cost of a transformer detector to the level of smaller static 
models while preserving – or even improving – accuracy. 
The gates add a negligible fixed overhead (~0.015% 
FLOPs), yet under a target compression rate of ≈0.5–0.6 
they skip non-essential encoder blocks on easy inputs, 
yielding ≈45–50% lower FLOPs on average without 
harming performance. In cross-domain transfer 
(VEDAI→VisDrone), this translates into 16–18 FPS on 
4×A76 CPU within an 8–10 GFLOPs budget, with mAP 
rising from 0.54→0.60 without perturbation pretraining 
and 0.58→0.66 with it when light TTA is enabled (Tables 
2). In the in-domain case (VEDAI→VEDAI), the same 
mechanism delivers 0.79–0.82 mAP at ~5–5.5 GFLOPs 
for the backbone and 17–18 FPS, again within the same 
total budget (Table 3). 

Training under structured perturbations 
(Perlin/Gabor/Worley) consistently improves robustness: 
across both transfer and in-domain settings we observe 
+0.03…+0.05 mAP versus training on clean data. A 
lightweight test-time adaptation (entropy-minimization on 
adapters with objectness weighting) adds a further 
≈+0.02…+0.04 mAP at a modest runtime cost (~0.5–1.3 
FPS). Together, perturbation-aware training and TTA 
complement dynamic execution: gates learn to route 
around vulnerable or irrelevant subpaths, whereas 
adapters provide on-the-fly calibration under shift. 

Placing these findings in the context of VEDAI 
benchmarks from the literature, heavier models do not 
guarantee better accuracy–compute trade-offs. For 
example, YOLOv9-t (11.1 GFLOPs, mAP50 0.654) 
underperforms YOLOv8-n (8.1 GFLOPs, mAP50 0.712); 
RT-DETR (103.6 GFLOPs, mAP50 0.455), TPH-YOLO 
(270.9 GFLOPs, mAP50 0.584), and Fast-RCNN (196.2 
GFLOPs, mAP50 0.459) also show higher FLOPs with 
lower accuracy than lighter one-stage baselines [41]. In 
contrast, our dynamic ViT-T/16 matches or exceeds the 
accuracy of comparable small models while cutting 
average compute, and it maintains this advantage under 
domain shift and synthetic structured noise. These 
observations reinforce the core claim: “more FLOPs” ≠ 
“higher mAP” – especially in aerial detection where 
small-object density, texture confounds, and shift 
sensitivity are pronounced. 

From a systems perspective, static compression 
techniques (quantization, pruning, distillation) remain 
attractive for wide hardware support because they 
produce fixed graphs. Dynamic networks, by design, rely 
on conditional control flow that is natively supported on 
CPU/GPU in PyTorch/TensorFlow and, as our 
measurements show, already pays off on CPU-class 
4×A76. However, many current NPUs still favor static 
graphs and limited operator sets, complicating 
deployment of fully dynamic execution. A pragmatic path 
forward is hybridization: retain dynamic routing on 
CPU/GPU or via pre-materialized subnetworks selectable 
at runtime; combine with light static compression to 
widen deployability; bound TTA updates by strict budget 
and stability safeguards to preserve real-time throughput. 

Dynamic gating plus perturbation-aware training and 
budgeted TTA constitute a compute-aware robustness 
stack for UAV object detection. This stack reduces 
average FLOPs, sustains or improves mAP under realistic 
shifts and disturbances, and meets embedded latency 
targets on commodity mobile CPUs – without requiring 
specialized accelerators. 

 
CONCLUSIONS 

This work presents an adaptive object detector for 
UAV aerial imagery that combines a dynamically gated 
ViT-T/16 backbone with parameter-efficient adapters, a 
Simple FPN, and a RetinaNet-like head, trained with 
procedural noise and supported by objectness-weighted 
test-time adaptation to improve robustness and efficiency 
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under onboard constraints. Ablations on VEDAI 
demonstrate a superior accuracy-throughput trade-off – 
approximately halving average FLOPs while increasing 
FPS and improving mAP – enabled by budget-aware 
dynamic execution, perturbation-aware training, and 
lightweight adaptation on the edge. 

Limitations: Evaluation is centered on VEDAI at 
512×512 and mAP@0.5, limiting conclusions on fine-
grained localization and broader generalization. 
Experiments are CPU-only; compatibility, energy, and 
thermal behavior on NPUs/ASICs with dynamic control 
flow were not assessed. Pretraining is restricted to MAE 
on ImageNet-1k; interactions of alternative pretraining 
and adapters with dynamic routing and TTA remain 
unexplored. Procedural noise serves as a proxy for real 
disturbances; comprehensive field trials under diverse 
operational conditions are pending. 

Future work will be connected with advancing 
hardware-software co-design by integrating dynamic 
execution policies with NPUs and specialized SoCs 
through pre-deployed subnetworks and intelligent runtime 
routing to preserve computational flexibility while 
leveraging hardware acceleration, which will necessitate 
comprehensive energy and thermal profiling under real-
time constraints. 
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AНОТАЦІЯ 
Актуальність. Забезпечення надійного, адаптивного та обчислювально ефективного детектування об’єктів на 

аерофотознімках БПЛА за умов зміщення розподілу, структурованого та неструктурованого шуму, а також суворих 
ресурсних і часових обмежень на борту БПЛА є актуальним науковим завданням. 

Предмети дослідження. Модель детектора з урахуванням обчислювальної складності та метод навчання і адаптації, що 
інтегрують трансформаторний екстрактор ознак із динамічними вентилями, ефективні адаптери та адаптацію під час 
тестування в умовах обмежених ресурсів та впливу реалістичних збурень або зсуву домену для забезпечення точності 
рішень. 

Мета. Розроблення моделі та методу детектування об’єктів на аерофотознімках, які спільно забезпечують робастність та 
адаптивність, водночас задовольняючи обчислювальні та часові обмеження, типові для бортових систем БПЛА. 

Метод. Підхід поєднує динамічні нейронні мережі на основі екстракторі ознак ViT-T/16 з вентелями Гумбель-Softmax, 
просту мережу піраміди ознак (FPN) та одноступеневу детектуючу головку типу RetinaNet, функцію втрат з урахуванням 
бажаного коефіцієнта динамічного стиснення, структурований процедурний шум (Perlin, Gabor, Worley) для підвищення 
робастності навчання, функцію активації LeakyReLU6 з прямою оцінкою для стабільних градієнтів, а також метод адаптації 
під час тестування на основі мінімізації зваженої маржинальної ентропії на ефективних адаптерах. 

Результати. На VEDAI, динамічний детектор на основі ViT T/16 за валідаційною метрикою mAP@0.5 досягає значення 
0,77 з середньою кількістю обчислень ~5.0 Гігафлопс на кадр та швидкодією всередньому 17,8 кадрів/секунда і зростає за 
валідаційною метрикою до 0,79 з адаптерами та адаптацією під час тестування, тоді як статичний аналог досягає 0,74 при 
9,6 Гігафлопс та 10,6 кадрів/секунду; попереднє навчання з процедурним шумом підвищує точність до 0,80 (динамічні 
вентелі) та 0,82 (динамічні вентелі + адаптація під час тестування) з мінімальними обчислювальними витратами. При зсуві 
домену (навчено на VisDrone, оцінено на VEDAI), динамічні вентелі та адаптація під час тестування покращують mAP@0.5 
з 0,54 до 0,60 без попереднього навчання з шумом та до 0,66 з ним, підтримуючи ~5,4–5,6 Гігафлопс та ~16–17 
кадрів/секунда в рамках бюджету 8–10 Гігафлопс на процесорах 4×A76. 

Висновки. Запропонована модель та метод детектування об’єктів, що поєднують динамічні вентелі, навчання з 
урахуванням збурень та адаптацію під час тестування, зменшують середню кількість обчислення, одночасно підвищуючи 
робастність та адаптивність, що забезпечує кращий компроміс між точністю та пропускною здатністю для розгортання на 
борту БПЛА в умовах реальних збурень та змін розподілу. 

КЛЮЧОВІ СЛОВА: детектування об’єктів, робастність, адаптивність, змагальний процедурний шум, динамічна 
нейронна мережа. 
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