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Abstract

In this work, we present TakuNet, a family of ultra-lightweight convolutional neural networks designed for real-
time aerial image classification on resource-constrained embedded devices. The proposed TakuNetV2 architec-
ture enhances feature extraction and generalization capabilities through the incorporation of a denser stem cou-
pled with hybrid feature extractor blocks, wherein diverse convolutional operations are synergistically combined
to yield richer spatial representations without compromising latency or parameter efficiency. We extensively eval-
uate the TakuNet family on three public aerial image classification datasets against well-known light-weight and
ultra-lightweight architectures, and measured relative performance on five heterogeneous embedded platforms, span-
ning from CPUs to GPUs, and the Hailo-8 NPU. TakuNet achieves state-of-the-art accuracy and energy efficiency,
outperforming competing models in frames per second per additional watt consumed, confirming its suitability for
battery-powered edge devices. Additionally, this paper introduces the Astrial platform, highlighting its role in en-
abling efficient deep learning inference on industrial-grade edge applications. Although current NPU hardware and
compiler limitations pose challenges, TakuNet sets a new benchmark for efficient, high-performance embedded arti-
ficial intelligence in aerial surveillance and emergency response. Code, models, and weights are publicly available
(https://github.com/DanielRossi1/TakuNetV2).
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1. Introduction

Since its early days, Artificial Intelligence has made
remarkable strides in both the variety of tasks it ad-
dresses and the level of accuracy it can achieve. Gen-
erally, these results have been reached by increasingly
augmenting the dimension and the complexity of neu-
ral network models [1], in combination with larger
and larger datasets [2] used for their training phase.
However, this continuous growth, specifically in model
size and parameter count, has progressively degraded
inference performance [3], undermining the feasibil-
ity of real-time execution without relying on high-end,
costly hardware accelerators such as Graphics Process-
ing Units (GPUs).
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Consequently, reducing the size and complexity of
such models has become an increasingly pressing re-
quirement, enabling effective generalization across a
broader range of hardware platforms subject to con-
straints in computational capacity, memory availability,
and energy budget.

Moreover, the interest in deploying Computer Vision
(CV)-based models on embedded devices is growing,
making the adoption of AI solutions feasible on a vari-
ety of tasks. This is the case, for instance, of devices –
e.g., drones or Unmanned Aerial Vehicles (UAVs) – for
wide-area monitoring. In fact, several application do-
mains benefit from Artificial Intelligence (AI)-powered
high-altitude imagery analysis, including precision agri-
culture [4], environmental and urban monitoring [5], as
well as search and rescue operations [6] and risk preven-
tion [7], as depicted in Figure 1. High-altitude image

Preprint submitted to Image and Vision Computing August 16, 2026

https://github.com/DanielRossi1/TakuNetV2


Figure 1: High-altitude imagery can be valuable in various scenarios,
including emergencies where a drone acquires and processes images,
and subsequently offloads the information to support the monitoring
and coordination of rescue operations. In such cases, it is desirable
to employ AI systems that can run on embedded boards with limited
computational resources and low energy consumption.

acquisition can be performed using various platforms,
such as satellites, airplanes or helicopters, airships,
stratospheric balloons, drones, and UAVs. Among the
others, drones and UAVs have attracted significant in-
terest due to several features that make them highly ad-
vantageous for this purpose: they are considerably more
cost-effective than alternative solutions, easy to operate,
and capable of capturing stabilized, high-resolution im-
agery. Despite their compact size and low cost, they are
capable of operating in remote or hard-to-reach areas,
can reach altitudes comparable to commercial airliners,
and are able to carry payloads of several tens of kilo-
grams, thus enabling the integration of advanced sens-
ing equipment. It is worth noting that, unfortunately,
current wireless telecommunication infrastructures of-
ten pose significant constraints on transmitting high-
frequency image streams over large distances, making
it preferable, if not essential, to execute AI models di-
rectly on these embedded devices. The deployment of
modern AI and computer vision models on embedded
devices remains an open and actively investigated chal-
lenge, primarily owing to the stringent resource con-
straints inherent to such platforms [8]. These limitations
encompass severely restricted computational capacity,
the frequent absence of dedicated hardware accelerators
for neural network inference, tightly constrained mem-
ory, and, most critically, a limited energy budget dic-
tated by the onboard battery.

Therefore, in order to run models in real time on these
platforms while minimizing energy consumption, it is
essential to make efficiency-oriented choices from the
very first stages of architecture design [9], while also
meeting the requirements of the specific hardware ac-
celerator to be used for inference. Indeed, due to the
strict deployment constraints of running neural network
models at the edge, inference is often offloaded to the
cloud, with the edge device limited to data acquisition

and transmission. In practice, the remote device collects
and sends images or video streams to dedicated servers
via a communication protocol, where the data is then
processed. However, as mentioned, this approach is not
simple and always feasible, due to several challenges
that include the development of a robust communica-
tion protocol capable of reliably transferring data over
long distances, ensuring connectivity in remote or iso-
lated areas where signal coverage may be lacking, and
guaranteeing the reliability of communication channels,
which can be severely compromised during natural dis-
asters or other critical events.

Two broad methodological directions may be distin-
guished for the on-device deployment of such models:
the mitigation of model complexity through architec-
tural simplification, and the enhancement of compu-
tational throughput maintaining the same energy con-
sumption, i.e., without incurring additional energy over-
head.

In the first case, the focus is on reducing the model
size while introducing more efficient operations. This
refers, for example, to optimized learnable layers or
blocks that, at equal or marginally reduced final accu-
racy of the overall model, are computationally lighter
and require fewer parameters. In the second case, the
strategy relies on adopting more advanced hardware ac-
celerators, such as improved processors or dedicated
neural network accelerators, such as Neural Process-
ing Units (NPUs) [10], at the expense of a generally
much higher cost and, sometimes, higher energy con-
sumption.

Following a combination of the two approaches,
this paper provides a detailed description of the
TakuNet family of architectures, which includes ultra-
lightweight models and Astrial, an embedded platform
equipped with the Hailo-8 NPU. The base architec-
ture, TakuNetV1 was preliminarily introduced [11] and
serves as the foundation of the family. Here, we present
with more details TakuNetV1 and we introduce the en-
hanced TakuNetV2 variant, along with additional exper-
iments on new datasets and their deployment on Astrial.
The TakuNet family consistently achieves excellent per-
formance in classification tasks, maintaining a minimal
parameter count and computational cost. Among all
tested models, the TakuNet family stands out for its su-
perior results, with the second version (i.e., TakuNetV2)
demonstrating notably higher accuracy and establishing
itself as the most effective solution for embedded aerial
image analysis.

From an architectural standpoint, the TakuNet fam-
ily is organized into four distinct stages, at the bound-
ary of each of which a downsampler block reduces the
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spatial resolution of the feature maps while enforcing
a dense connectivity pattern, a design choice that pro-
motes rapid convergence during training. Furthermore,
both model variants are trained at a floating-point pre-
cision of 16 bits, facilitating lossless optimization on
hardware accelerators commonly employed in embed-
ded systems. Leveraging NVIDIA TensorRT1, this con-
figuration yields a substantial improvement in inference
performance.

The experimental evaluation of model accuracy is
conducted on three public datasets: AIDER [12] and
AIDERv2 [13], which contain aerial images depicting
emergency situations such as floods, traffic accidents,
and fires, and CLRS [14], a remote sensing bench-
mark focused on diverse scene classification across 25
categories, including urban, natural, and infrastructure
scenes. This selection reflects both the practical applica-
tion domains for embedded devices mounted on drones
and the broader challenges of aerial image interpreta-
tion. Despite having far fewer parameters than typical
models reported in the literature, the proposed method
achieves accuracy close to or surpassing the state-of-
the-art on all three datasets, demonstrating its effective-
ness and versatility for embedded vision tasks.

Both TakuNetV1 and TakuNetV2 have been tested
on a variety of embedded devices, equipped with dif-
ferent computational resources, in terms of processor,
memory and energy consumption. Specifically, in ad-
dition to the Astrial Platform, we evaluate the proposed
method on the first three versions of the Raspberry Pi,
on the NVIDIA Jetson Nano and NVIDIA Jetson Orin
Nano. These evaluations demonstrate the feasibility of
running the TakuNet family inference on edge devices
with extremely low power consumption and remarkable
throughput, in terms of frame rates.

In summary, the contributions of this work are as fol-
lows:

1. We propose two versions of the TakuNet model,
named TakuNetV1 [11] and TakuNetV2 respec-
tively. Both of them are ultra-lightweight archi-
tectures specifically designed to improve classifi-
cation accuracy while preserving high efficiency
and low parameter count. These architectures are
conceived for deployment across a heterogeneous
range of embedded platforms with limited compu-
tational power and energy budgets, such as those
found in drones and UAV systems.

2. An extensive experimental evaluation is conducted
on three public datasets for event recognition from

1https://developer.nvidia.com/tensorrt

aerial images, which constitute use cases for arti-
ficial vision applications deployed on drones and
UAV platforms. This evaluation highlights both
classification accuracy, in terms of F1-score, and
theoretical hardware impact, in terms of FLoating-
point Operations Per Second (FLOPS).

3. We introduce and describe the Astrial platform,
a single board computer which integrates the
HAILO co-processor and enables AI-powered so-
lutions in different applications, including embed-
ded and UAV systems in Emergency Response
Scenarios.

4. Both versions of TakuNet models are evaluated on
the Astrial board as well as five real-world em-
bedded platforms, including Jetson Nano, Jetson
Orin Nano, and three versions of the Raspberry Pi
board. Notably, TakuNetV2 achieves more than
real-time performance and sets the benchmark for
energy efficiency, reaching 21.20 FPS/δ-Power on
Raspberry Pi 5, 101.87 FPS/δ-Power on Jetson
Orin Nano, and 761.70 FPS/δ-Power on the As-
trial platform. In light of these results and the pub-
lic availability of both code and models, TakuNet
stands out as an efficient and deployable solution
for embedded computer vision scenarios.

2. Related Work

2.1. Evolution of Neural Network Architectures for Vi-
sion Tasks

Over the past two decades, computer vision has
undergone a profound methodological evolution, pro-
pelled by the progressive sophistication and diversifi-
cation of neural network architectures. This trajectory
reflects a continuous negotiation between representa-
tional capacity, computational efficiency, and optimiza-
tion stability, with each generation of models addressing
fundamental limitations of its predecessors while intro-
ducing novel architectural principles and design innova-
tions.

Pioneering contributions to convolutional neural net-
works (CNNs) established the basic idea of local re-
ceptive fields, weight sharing, and spatial sub-sampling.
Early models like LeNet-5 [15] showed that hierarchical
feature learning could work for optical character recog-
nition. LeNet-5 used a structured layout of alternating
convolutions and average pooling, finishing with fully
connected layers. However, its ability was limited by
the small computational resources and datasets at that
time, which restricted both the network’s depth and its
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broader use. The arrival of AlexNet [16] marked a sig-
nificant milestone by greatly expanding the CNN archi-
tecture. This helped achieve impressive results on the
ImageNet dataset [17]. AlexNet’s success came from
important technical innovations, not just its depth. It
replaced saturating activation functions with Rectified
Linear Units (ReLU), which sped up convergence and
reduced the vanishing gradient issue. Additionally, it
introduced dropout regularization in the fully connected
layers to prevent overfitting, used Local Response Nor-
malization (LRN) to improve generalization, and ap-
plied overlapping max-pooling to decrease translation
invariance errors. Importantly, its design was specifi-
cally made for hardware. It used a new model-parallel
architecture spread across two GPUs to get past the
memory limits of the time.

Subsequent improvements examined design choices
to improve deep feature extraction. VGG [18] fully
standardized the convolutional layer design. It estab-
lished the exclusive use of small 3 × 3 convolutional
kernels. The main technical insight of VGG was math-
ematical: a deep stack of two or three 3 × 3 convo-
lutions has the same effective receptive field as a sin-
gle 5 × 5 or 7 × 7 convolution. However, it includes
more non-linear rectification layers and significantly re-
duces the total number of trainable parameters. Concur-
rently, GoogLeNet (Inception-v1) [19] addressed com-
putational inefficiency with structural innovation. It in-
troduced the Inception module, a parallel multiscale ar-
chitecture that integrates 1 × 1, 3 × 3, and 5 × 5 convo-
lutions along with max-pooling within a single layer. A
key detail of this architecture was the use of 1×1 convo-
lutions as dimensionality reduction bottlenecks prior to
the more expensive larger convolutions, keeping the pa-
rameter budget manageable. GoogLeNet also replaced
heavy fully connected layers with global average pool-
ing to reduce overfitting and added auxiliary classifiers
into intermediate layers to pass gradients effectively
through the deep network.

While previous architectures focused on the depth of
neural networks, scaling them revealed a degradation
problem. As model depth increases, accuracy levels
off and then declines quickly, which is different from
the vanishing gradient issue. ResNet [20] addressed
this by introducing the Residual Learning framework.
Instead of relying on a stack of layers to fit a de-
sired mapping H(x), ResNet allows these layers to fit
a residual mapping F(x) = H(x) − x. The formu-
lation y = F(x, {Wi}) + x is achieved using identity
shortcut connections, which perform skip-layer summa-
tion. This ensures that the gradient can flow directly
through the identity mapping. As a result, it reduces

the optimization challenges of deep networks and al-
lows the training of models with over 1,000 layers. For
deeper versions (ResNet-50/101/152), the authors intro-
duced bottleneck blocks. They used 1 × 1 convolutions
to reduce and then restore dimensions, which signifi-
cantly lowers computational costs without losing repre-
sentational power. DenseNet [21] developed the skip-
connection idea further by switching from summation
to concatenation. In a Dense Block, each layer gets
as input the feature maps from all the previous layers:
xl = Hl([x0, x1, . . . , xl−1]). This setting wants to max-
imize information flow and encourages heavy feature
reuse. It allows the model to achieve state-of-the-art
results with significantly fewer parameters than ResNet.
A key hyperparameter here is the growth rate (k), which
determines how much new information each layer adds
to the network’s knowledge. To control memory and
spatial dimensions, DenseNet uses Transition Layers
that feature 1 × 1 convolutions and pooling between
blocks to reduce the number of feature maps. Subse-
quent refinements of [20] sought to optimize the trade-
off between width, depth, and cardinality. ResNeXt [22]
introduced the concept of cardinality—the size of the
set of transformations—as a more effective dimension
than depth or width. It utilizes a split-transform-merge
strategy through grouped convolutions, showing that in-
creasing cardinality is a more efficient way to improve
accuracy than simply deepening the network. In paral-
lel, Wide ResNet [23] argued that the obsessive focus on
depth led to diminishing returns and slow training. By
increasing the number of channels (width) and decreas-
ing depth, they achieved superior performance with bet-
ter hardware utilization. Res2Net [24] further refined
this by implementing hierarchical residual-like connec-
tions within a single residual block, enabling the extrac-
tion of multi-scale features at a granular level, which is
particularly beneficial for object detection and segmen-
tation tasks.

Parallel to the evolution of backbone topologies, sub-
stantial progress has been made in attention mech-
anisms designed to dynamically re-calibrate feature
representations. Squeeze-and-Excitation (SE) net-
works [25] pioneered channel-wise attention by mod-
eling inter-dependencies between channels. The
“Squeeze” operation employs global average pooling to
aggregate spatial information into a channel descriptor
z ∈ RC , where zc =

1
H×W
∑H

i=1
∑W

j=1 uc(i, j). This is
followed by the “Excitation” operation, a gating mech-
anism using two fully connected (FC) layers with a
bottleneck reduction ratio r and a sigmoid activation:
s = σ(W2δ(W1z)). The final output is obtained by
rescaling the original feature maps by these adaptive
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weights. While SE blocks significantly improve dis-
criminative power with a marginal increase in FLOPS,
they do introduce additional parameters through the FC
layers, and the dimensionality reduction in the bottle-
neck can sometimes lead to a loss of channel-wise cor-
relation complexity. To address these limitations, Effi-
cient Channel Attention (ECA) [26] proposed a “local”
cross-channel interaction strategy. Instead of global di-
mensionality reduction via FC layers, ECA captures lo-
cal dependencies by performing a 1D convolution with
kernel-size k across the channel dimension, where k is
adaptively determined by the channel capacity C. This
ensures that every channel interacts with its k neigh-
bors, maintaining performance while drastically reduc-
ing the parameter count compared to SE blocks. Con-
currently, the Convolutional Block Attention Module
(CBAM) [27] argued that spatial attention is as critical
as channel attention. CBAM applies a dual-attention ap-
proach: a channel module that leverages both average-
pooling and max-pooling to gather richer statistics, fol-
lowed by a spatial attention module. The spatial mod-
ule compresses the channel dimension via pooling and
applies a 7 × 7 convolution to generate a spatial mask,
effectively telling the network where to look after the
channel module has decided what to look for. This se-
quential refinement has proven particularly effective in
dense prediction tasks like object detection.

A fundamental paradigm shift occurred with the
adaptation of the Transformer architecture [28] to visual
recognition, which systematically removed the archi-
tectural constraints of convolution. The Vision Trans-
former (ViT) [29] reinterprets an image x ∈ RH×W×C

as a sequence of N = HW/P2 non-overlapping patches.
These patches are flattened into vectors xp ∈ RN×(P2·C)

and mapped via a trainable linear projection E ∈

R(P2·C)×D to a latent space. A unique aspect of ViT is
the prepending of a learnable [class] token xclass to the
sequence, such that the input to the encoder is z0 =

[xclass; x1
pE; . . . ; xN

p E] + Epos, where Epos represents 1D
learnable positional encodings. The Multi-Head Self-
Attention (MSA) mechanism then captures global de-
pendencies by projecting the input into Queries (Q),
Keys (K), and Values (V) across k heads, allowing the
model to attend to disparate image regions simultane-
ously. To overcome the “data-hungry” nature of pure
Transformers, DeiT [30] introduced a distillation to-
ken that interacts with the class token and patch tokens
through the self-attention layers. This token is specifi-
cally tasked with mimicking the hard-label predictions
of a teacher CNN, effectively injecting inductive biases
back into the Transformer through supervision rather
than architecture. Furthermore, Masked Autoencoders

(MAE) [31] revolutionized self-supervised pre-training
by employing an asymmetric encoder-decoder. By
masking a high ratio (75%) of patches and only process-
ing the visible ones through the encoder, MAE forces
the model to learn holistic semantic structures to recon-
struct pixels, proving that Transformers can learn highly
transferable representations without manual labels. De-
spite their success, pure Transformers face significant
challenges regarding computational scaling and lack of
spatial priors. The MSA mechanism incurs a quadratic
computational complexity O(N2 · D) because every to-
ken must compute an attention score with every other
token, rendering high-resolution processing inefficient.
The Swin-Transformer [32] addressed this by introduc-
ing a hierarchical design and Window-based MSA (W-
MSA). Unlike ViT, Swin partitions the image into local
windows and restricts attention within them, reducing
complexity to O(N · M2), where M is the window size.
To ensure information flow across these isolated win-
dows, Swin-T employs a Shifted Window (SW-MSA)
approach, where the window partition is displaced by
(⌊M

2 ⌋, ⌊
M
2 ⌋) in successive layers. This ensures that the

boundaries of one layer’s windows become the centers
of the next. Additionally, Swin-T uses patch merging
layers to reduce the number of tokens as the network
goes deeper, mimicking the increasing receptive field of
CNNs. In parallel, hybrid models like CvT [33] and
CoaT [34] modernized the Transformer block by re-
placing the standard linear projections for Q,K,V with
depthwise separable convolutions. This convolutional
projection introduces translation equivariance and local
context modeling directly into the attention mechanism,
allowing for the removal of explicit positional encod-
ings and achieving superior performance on tasks re-
quiring high-resolution localization, such as segmenta-
tion and detection.

In summary, the historical trajectory of neural net-
work evolution reflects a widening bifurcation be-
tween theoretical representational capacity and opera-
tional feasibility [35, 36]. Recent research has largely
prioritized the development of high-capacity, over-
parameterized models—such as the Huge variants of Vi-
sion Transformers and extensively deep residual frame-
works—engineered specifically to saturate performance
metrics on large-scale benchmarks [37, 38, 39] While
these architectures are indispensable for probing the up-
per bounds of hierarchical feature extraction and op-
timization stability, they function primarily as theo-
retical probes. Their design often elides the phys-
ical constraints of deployment, resulting in models
that, while achieving record-breaking accuracy on high-
performance compute clusters, remain computationally
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prohibitive for edge-tier silicon [36, 40]. This pur-
suit of state-of-the-art (SOTA) metrics typically ignores
the non-linear relationship between marginal accuracy
gains and the exponential increase in computational
cost, leading to a state of architectural over-engineering
relative to practical application needs [41, 35]. This
emphasis on benchmark-centric excellence has inadver-
tently exacerbated a deployment gap, where the scaling
of model complexity outpaces the hardware evolution
of mobile and embedded systems [40, 42]. Paradox-
ically, the mechanisms that ensure global context and
high precision—such as dense multi-head self-attention
or multi-stage feature concatenation—introduce signif-
icant memory bandwidth bottlenecks and stochastic la-
tency that are incompatible with real-time requirements,
particularly on resource-constrained devices [42, 43].
Consequently, these models serve as an essential the-
oretical foundation, advancing our knowledge of how
to construct high-quality vision representations, yet
they lack the structural pragmatism required for field-
ready systems. This disconnect underscores a criti-
cal need for a hardware-aware architectural paradigm:
one where computational efficiency and inference-time
constraints are treated as primary objective functions
rather than post-hoc optimizations [44, 45]. This ne-
cessity drives the exploration of the specialized, ultra-
lightweight frameworks discussed in the following sec-
tion.

2.2. Towards more efficient convolutional architectures
In parallel with the development of increasingly deep

and expressive neural networks, a robust and expand-
ing line of research has been devoted to the design of
architectures explicitly optimized for computational ef-
ficiency and reduced resource requirements, while at-
tempting to maintain competitive levels of accuracy.
The momentum for this field originates from the press-
ing need to enable deployment of deep learning models
on power and memory constrained hardware platforms,
such as smartphones, edge devices, and embedded sys-
tems.

Early landmark contributions, such as
SqueezeNet [46], introduced the Fire module as a
primary building block. This module consists of a
squeeze layer—utilizing 1 × 1 convolutions with s1
filters—followed by an expand layer that concatenates
1 × 1 and 3 × 3 convolutions with e1 and e3 filters, re-
spectively. The technical innovation lies in the squeeze
ratio S R = s1/(e1 + e3), which serves as a bottleneck to
aggressively reduce input channel dimensionality. This
configuration minimizes the total number of parame-
ters, defined as P = (Cin · s1) + (s1 · e1) + (9 · s1 · e3),

where the 9× factor for 3 × 3 kernels is applied only
to the reduced s1 dimension. This enabled a 50×
reduction in parameters compared to AlexNet [17]
while maintaining equivalent Top-1 accuracy. Building
on these principles, ShuffleNet [47] addressed the high
computational cost of 1 × 1 convolutions, which can
account for over 90% of FLOPS in compact models.
It introduced Pointwise Group Convolutions and a
novel Channel Shuffle operation. Standard group
convolutions suffer from a lack of cross-talk, where
output channels only relate to a small fraction of input
channels. ShuffleNet resolves this by reshaping the
output of a group convolution from (g, n) to (n, g)
and flattening it, effectively permuting the channels to
ensure that the next layer receives information from all
preceding groups. This design allows for a much wider
channel count within a fixed computational budget,
which is crucial for maintaining accuracy in extremely
small networks.

The transition toward specialized mobile architec-
tures was catalyzed by the adoption of Depthwise Sep-
arable Convolutions (DSC). While standard convolu-
tions perform spatial filtering and channel-wise integra-
tion simultaneously, DSC—originally popularized as
a structural alternative to Inception modules in Xcep-
tion [48]—factorizes the operation into two distinct
stages: a depthwise convolution (spatial filtering) and
a pointwise 1 × 1 convolution (channel mixing). Mo-
bileNetV1 [49] standardized this as an efficiency primi-
tive, reducing the computational overhead from O(D2

K ·

M ·N ·D2
F) to O((D2

K+N)·M ·D2
F), where DK is the kernel

size, M and N represent input/output channels, and DF

is the feature map resolution. For a standard 3×3 kernel,
the reduction ratio is approximately 1

N +
1

D2
K

, yielding an
8× to 9× reduction in computational cost. To allow for
flexible deployment, the authors introduced two global
hyperparameters: the width multiplier α, which thins
the number of channels at each layer, and the resolu-
tion multiplier ρ, which scales the input image. These
parameters allow the computational cost to be tuned by
approximately α2 and ρ2, providing a controlled mecha-
nism for accuracy-latency trade-offs. MobileNetV2 [43]
introduced Inverted Residuals and Linear Bottlenecks,
representing a significant topological departure from the
classical residual blocks used in ResNet. The design
is predicated on the Manifold of Interest hypothesis:
the assumption that the manifold of information can be
embedded in a low-dimensional subspace. While stan-
dard residual blocks follow a wide-narrow-wide pat-
tern (compressing dimensions to save compute), Mo-
bileNetV2 employs a narrow-wide-narrow structure. A
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1 × 1 expansion layer first projects the low-dimensional
input into a high-dimensional space (expansion factor
t = 6), where the 3×3 depthwise convolution can extract
features without collapsing the manifold. Crucially,
the final 1 × 1 projection layer utilizes a linear activa-
tion. The authors demonstrated that non-linear transfor-
mations like ReLU perform well in high-dimensional
spaces but tend to destroy information when applied
to low-dimensional bottlenecks. This structural inno-
vation allowed MobileNetV2 to achieve higher accu-
racy with fewer parameters by preserving feature diver-
sity across the shortcut connections. MobileNetV3 [50]
evolved this lineage by moving from heuristic design
to automated discovery through Hardware-Aware Neu-
ral Architecture Search (NAS) combined with the Ne-
tAdapt [51] algorithm. This allowed for a heteroge-
neous architecture where each layer is individually op-
timized for the target hardware’s latency profile. Mo-
bileNetV3 redesigned several expensive layers identi-
fied by the search: it reduced the number of filters in the
initial layer and simplified the final stage by moving the
feature-rich 1 × 1 convolution after the global average
pooling layer, significantly reducing latency with no ac-
curacy loss. Furthermore, it introduced the Hard-Swish
activation function:

h-swish(x) = x ·
ReLU6(x + 3)

6

This serves as a piecewise linear approximation of
the Swish nonlinearity (x · sigmoid(x)), providing the
same optimization benefits (smooth gradients and non-
monotonicity) while avoiding the high transcendental
computation cost of the sigmoid on mobile hardware.
The integration of Squeeze-and-Excitation (SE) mod-
ules, optimized with a reduction ratio of 4, further en-
hanced the model’s ability to perform cross-channel fea-
ture recalibration at a granular, per-block level.

Other structural innovations addressed specific op-
erational bottlenecks. ESPNet [52] utilized the Effi-
cient Spatial Pyramid (ESP) module to replace standard
high-parameter convolutions. By decomposing a con-
volution into a pointwise stage and a spatial pyramid
of dilated convolutions (dilation rates 2k), the module
captures multiscale context with a computational foot-
print similar to DSC. Similarly, GhostNet [53] targeted
the empirical observation of feature map redundancy in
deep networks. The Ghost Module generates a limited
set of intrinsic feature maps and uses inexpensive linear
transformations—specifically 3 × 3 depthwise convolu-
tions—to produce ghost maps. This approach mathe-
matically exploits the high correlation between feature
channels to achieve a near 2× reduction in FLOPS while

maintaining the same expressive capacity as standard
MobileNet-style layers.

Automated architecture search has fundamentally
shifted the focus from manual heuristic tuning to al-
gorithmic optimization of network topologies. NAS-
Net [54] pioneered this transition by defining a search
space composed of Normal and Reduction cells. The
controller, typically a Reinforcement Learning (RL)
agent, identifies an optimal cell structure on a smaller
dataset (e.g., CIFAR-10) which is then stacked to form
a larger architecture. However, early NAS approaches
were computationally prohibitive and relied on proxy
metrics (like FLOPS) that often do not correlate with
actual hardware latency. FBNet [55] and Proxyless-
NAS [45] addressed this by employing Differentiable
Architecture Search (DNAS). These frameworks uti-
lize a gradient-based approach to navigate the search
space and incorporate a latency-aware loss function:
L = CE(w, a)+λ · log(Latency(a)), where Latency(a) is
estimated via a pre-built hardware lookup table. By per-
forming the search directly on the target device and task,
these methods eliminate the proxy gap, ensuring that
the resulting architecture is optimized for specific NPU
or GPU execution patterns. A landmark synthesis of
automated search and principled scaling is represented
by EfficientNet [44]. While previous methods scaled
depth (d), width (w), or resolution (r) independently,
the authors identified a fixed relationship between these
dimensions. They introduced the Compound Scaling
method, which uses a compound coefficient ϕ to scale
all three dimensions uniformly: d = αϕ, w = βϕ,
and r = γϕ, subject to the constraint α · β2 · γ2 ≈ 2.
This ensures that as the computational budget increases
by 2n, the resources are distributed optimally across
the network’s volume. Built upon a baseline archi-
tecture (MBConv) discovered via multi-objective NAS,
EfficientNet-B0 to B7 demonstrated that this balanced
scaling provides a superior Pareto frontier compared to
any single-dimension scaling approach.

In addition to architectural design, model compres-
sion techniques—specifically pruning and quantiza-
tion—have become indispensable for deploying high-
performance models on edge hardware. Unstructured
pruning [56] targets individual weights based on a mag-
nitude threshold, achieving high sparsity ratios. How-
ever, because most off-the-shelf hardware (e.g., stan-
dard CPUs/GPUs) is not optimized for sparse ma-
trix multiplication, this rarely translates into real-world
speedups. In contrast, structured pruning [57, 58] re-
moves entire filters or channels, yielding a direct re-
duction in the feature map dimensions and achiev-
ing predictable acceleration. To recover accuracy lost
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during pruning, Knowledge Distillation (KD) is fre-
quently employed, where a compact student model is
trained to minimize the Kullback-Leibler (KL) diver-
gence between its soft-target predictions and those of
a high-capacity teacher model. This process allows
the student to inherit the complex inter-class correla-
tions learned by the teacher, mitigating the represen-
tational collapse that often follows aggressive com-
pression. Complementary to pruning, quantization ad-
dresses the memory bandwidth bottleneck by reducing
the bit-precision of weights and activations. Standard
models utilize 32-bit floating point (FP32), which is
memory-intensive. Post-Training Quantization (PTQ)
and Quantization-Aware Training (QAT) map these val-
ues to 8-bit integers (INT8) or lower. Mathematically,
this involves a scaling factor S and a zero-point Z: q =
clip(round(x/S + Z), qmin, qmax). While quantization-
aware training allows the network to adapt to the round-
ing errors introduced during inference, aggressive 4-
bit or 1-bit (Binarized) quantization often leads to sig-
nificant accuracy degradation in tasks requiring high-
precision spatial localization, such as those encountered
in aerial imagery.

Despite these considerable advances, several persis-
tent limitations remain that hinder universal real-time
deployment. First, the metric misalignment problem
persists: many models optimized for low FLOPS ex-
hibit high latency due to memory access patterns or
poorly supported operations (e.g., depthwise convolu-
tions on older hardware). Second, the NAS overhead
remains significant; searching for an optimized model
can require thousands of GPU hours, making it inacces-
sible for small-scale domain-specific tasks. Third, prun-
ing and quantization often lead to a brittleness in gen-
eralization, where a compressed model performs well
on the training distribution but fails under the atmo-
spheric perturbations and viewpoint variations common
in aerial scenes. These challenges necessitate a shift to-
ward hardware-aware co-design, where the neural ar-
chitecture and the underlying hardware accelerator are
optimized in tandem to achieve a sustainable balance
between inference speed, energy consumption, and pre-
dictive robustness.

2.3. Challenges in Aerial Image Recognition Tasks

High-altitude imagery, acquired from satellites,
manned aircraft, or unmanned aerial vehicles (UAVs),
constitutes a critical modality for large-scale Earth ob-
servation, environmental monitoring, and geospatial in-
telligence. However, such imagery presents unique
and substantial challenges for automated image recog-

nition that differ fundamentally from those encountered
in conventional ground-level computer vision tasks.

A distinguishing characteristic of high-altitude re-
mote sensing data is the frequent incorporation of mul-
tispectral and hyperspectral bands extending beyond
the visible spectrum, including near-infrared (NIR),
shortwave infrared (SWIR), and thermal infrared (TIR)
wavelengths [59, 60]. These extended spectral chan-
nels encode information about vegetation health, soil
composition, surface temperature, and material prop-
erties that are inaccessible to standard RGB sensors,
yet their effective utilization requires dedicated feature
extraction, spectral fusion, and domain-specific pre-
processing strategies [61]. The acquisition of such
data is typically contingent upon specialized and costly
spaceborne or airborne sensors, resulting in infrequent
temporal coverage and operational constraints. Satel-
lite platforms, for instance, are constrained by low re-
visit frequencies—ranging from several hours to mul-
tiple days depending on orbital configuration and lati-
tude—which limits their applicability for time-sensitive
applications such as disaster response, agricultural mon-
itoring, and real-time traffic analysis [60]. Conversely,
UAV and aircraft-based platforms, while generally re-
stricted to RGB or limited multispectral configurations,
afford greater operational flexibility, lower latency, and
the ability to perform targeted, high-resolution acquisi-
tions over specific regions of interest [12, 13].

A central challenge in aerial image recognition stems
from the inherently limited spatial resolution relative to
the scale of objects of interest. In satellite imagery,
ground sampling distances (GSDs) often range from
sub-meter to tens of meters per pixel, causing small
or densely distributed objects, such as individual vehi-
cles, buildings, or agricultural plots, to occupy only a
few pixels or appear as unresolved features [59]. This
constraint requires architectures capable of extracting
multiscale discriminative features, leveraging hierar-
chical representations, and employing spatial attention
mechanisms or feature pyramid networks to preserve
fine-grained spatial details across varying scales [61].
Additional complications arise from significant intra
and inter-scene variability: objects exhibit wide varia-
tions in scale, orientation, and appearance due to differ-
ing altitudes, sensor perspectives, and imaging geome-
tries. Atmospheric conditions—including haze, clouds,
and aerosol scattering—further degrade image quality
and introduce radiometric inconsistencies that compli-
cate feature learning and model generalization [60, 61].
Moreover, illumination variations due to solar angle,
seasonal changes, and shadowing effects contribute to
temporal and spatial heterogeneity in the spectral signa-
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tures of surface materials.
Beyond resolution and spectral complexity, the top-

down viewing perspective introduces a further layer
of difficulty that fundamentally distinguishes aerial im-
agery from standard ground-level benchmarks such as
ImageNet [17] or CIFAR [62]. Objects observed from
nadir or oblique angles present unfamiliar aspect ratios
and silhouettes — a car viewed from directly above, for
instance, loses the profile cues that ground-level detec-
tors rely upon — while scene context, which is a power-
ful discriminative signal in terrestrial imagery, changes
dramatically with altitude and geographic region. This
perspective shift has been shown to significantly re-
duce the transferability of features learned on standard
ground-level datasets [63], motivating the development
of domain-specific training strategies and architectures.

The class distribution in aerial disaster datasets fur-
ther exacerbates these challenges. Emergency events
such as floods, fires, and collapsed structures are in-
herently rare relative to background “normal” scenes,
resulting in severe class imbalance that can bias clas-
sifiers toward majority classes [64]. Moreover, intra-
class visual variability is high: a flood may manifest
as submerged urban streets, overflowing riverbanks, or
coastal inundation, all sharing the same label but ex-
hibiting very different spectral and spatial signatures.
Conversely, inter-class similarity between, for exam-
ple, fire smoke and industrial haze can introduce signif-
icant ambiguity. These properties demand models with
strong discriminative capacity and robustness to distri-
butional shift, which purely parameter-efficient archi-
tectures optimized for clean, balanced benchmarks may
fail to provide.

These challenges impose stringent requirements on
model design and training strategies. Algorithms must
exhibit robustness to low spatial resolution and possess
the capacity to capture hierarchical, multiscale repre-
sentations to reliably detect and classify small, sparse,
or partially occluded objects. Invariance or adaptabil-
ity to scale, rotation, illumination, and atmospheric per-
turbations is essential to ensure generalization across
diverse acquisition conditions and geographic regions.
Furthermore, irregular and sparse temporal sampling in-
herent in high-altitude data streams, particularly from
satellite sources, complicates tasks that require tempo-
ral consistency, such as change detection, land cover
dynamics, and predictive modeling. Models must
therefore be designed to handle incomplete temporal
sequences, take advantage of temporal context when
available, and maintain robust inference capabilities de-
spite gaps or irregularities in observation cadence [61].

General-purpose architectures, despite their impres-

sive performance on standard benchmarks, often fall
short in this domain for several compounding reasons.
First, models such as VGG [18] and ResNet [20],
pre-trained on ImageNet, encode strong biases toward
ground-level object appearances and textures that do
not transfer effectively to the top-down, multi-scale na-
ture of aerial scenes [63]. Second, their large parameter
counts and high FLOPS make real-time deployment on
resource-constrained UAV hardware infeasible without
significant compression or approximation, which in turn
risks accuracy degradation in safety-critical applications
such as disaster response [64]. Third, Transformer-
based architectures [29], while capable of modeling
long-range spatial dependencies that are beneficial for
wide-area scene understanding, require large-scale pre-
training datasets and substantial memory to operate ef-
fectively, making them poorly suited for the data-scarce,
latency-sensitive conditions characteristic of UAV de-
ployment.

Collectively, these factors underscore the need for
aerial-aware architectural design: models whose induc-
tive biases, receptive field characteristics, and computa-
tional footprint are explicitly co-designed with the con-
straints of high-altitude imagery and embedded deploy-
ment in mind. This includes the adoption of multiscale
feature extraction mechanisms — such as dilated convo-
lutions [64] or feature pyramid structures — to simulta-
neously capture fine-grained local detail and broad spa-
tial context, hardware-aware design choices that mini-
mize latency and energy consumption without sacrific-
ing discriminative power, and training strategies robust
to class imbalance and domain shift. Without these con-
siderations, even highly accurate general-purpose mod-
els risk becoming brittle, inefficient, or entirely imprac-
tical when deployed in the demanding real-world con-
ditions of aerial disaster monitoring.

2.4. Methods for aerial image recognition
In response to the challenges outlined in the preced-

ing section, a substantial line of research has emerged
focusing on the development of algorithms and archi-
tectures tailored for aerial and UAV-based image recog-
nition. These methods can be broadly categorized ac-
cording to two orthogonal axes: their computational
paradigm — offline versus real-time processing — and
their architectural foundation — spanning traditional
feature-based approaches, deep convolutional networks,
attention-based models, and hybrid architectures explic-
itly optimized for embedded deployment.

Prior to the widespread adoption of deep learning,
aerial image classification relied primarily on hand-
crafted feature engineering and classical machine learn-
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ing pipelines, which, while effective in narrow domains,
lacked the generalization capacity required for hetero-
geneous real-world aerial scenes. Early contributions
to aerial image classification leveraged hybrid method-
ologies that combine spatial and spectral information.
Yang Et al. [65] proposed a fusion-based classifica-
tion technique that integrates multispectral characteris-
tics and spatial context to achieve high precision in iden-
tifying damaged rice lodging areas from UAV-acquired
imagery, demonstrating the effectiveness of domain-
specific feature engineering for precision agriculture.
Similarly, Mafanya Et al. [66] evaluated the perfor-
mance of multiple image classifiers, including support
vector machines, random forests, and maximum likeli-
hood estimators, to map the invasive plant species Har-
risia pomanensis using UAV imagery, concluding that
ensemble methods and texture-based features signifi-
cantly improve classification robustness in challenging
ecological monitoring scenarios.

With the advent of deep learning, convolutional neu-
ral networks have become the dominant paradigm for
aerial image analysis. Among recent architectures,
APDC-Net, proposed by Bi Et al. [67], introduced
an attention-based pooling mechanism combined with
dense connection structures to preserve hierarchical
multilevel features and enhance local semantic repre-
sentation, achieving state-of-the-art accuracy on aerial
scene classification benchmarks. To address the specific
challenges of object detection in UAV imagery—such
as small object size, high density, and arbitrary orien-
tation, Hendria Et al. [68] proposed a combined frame-
work integrating Transformer-based models [32] with
convolutional detectors [69], employing ensemble and
hybrid inference strategies to improve detection recall
and precision on various object scales and environmen-
tal conditions.

Despite their impressive accuracy, the aforemen-
tioned methods are predominantly designed for of-
fline processing on high-performance computing in-
frastructure, thus making them unsuitable for real-time
deployment on resource-constrained UAV platforms.
The latency and power consumption associated with
deep architectures — such as VGG16 (14.8M param-
eters, 17.62G FLOPS) or ResNet50 (23.5M parameters,
4.83G FLOPS) — pose severe constraints for onboard
embedded systems with limited computational, mem-
ory, and energy budgets, where models must typically
operate within a power envelope of 4–15W while main-
taining real-time throughput.

To bridge this gap, recent efforts have focused on de-
veloping lightweight architectures explicitly optimized
for real-time inference on UAV hardware. Kyrkou Et

al. introduced EmergencyNet [64], a compact convolu-
tional model that employs atrous (dilated) convolutions
to expand the receptive field without increasing the pa-
rameter count, followed by multiresolution feature fu-
sion to integrate contextual information across scales.
EmergencyNet was specifically designed for disaster re-
sponse scenarios, achieving real-time performance on
embedded GPUs while maintaining competitive accu-
racy for scene classification and anomaly detection in
aerial imagery. Building upon this foundation, Mo-
gaka Et al. proposed TinyEmergencyNet [70], which
applies iterative magnitude-based pruning to remove up
to 60% of the least significant weights, further reducing
model size and inference latency with minimal accuracy
degradation. This approach underscores the viability of
structured pruning strategies for adapting existing archi-
tectures to embedded constraints.

Notwithstanding these advances, several critical gaps
remain in the design of efficient neural architectures for
embedded aerial image recognition. First, many ex-
isting lightweight models are optimized primarily for
parameter reduction and FLOPS minimization, with-
out explicit consideration of platform-specific latency
characteristics or memory access patterns, which are of-
ten the dominant bottlenecks on embedded hardware.
Second, fine-grained architectural components—such
as activation functions, normalization layers, and pool-
ing strategies, are frequently overlooked despite their
substantial impact on inference latency and energy con-
sumption, particularly on hardware accelerators with
limited support for certain operations. Third, the major-
ity of model compression techniques, including quan-
tization and pruning, are applied post-training, poten-
tially introducing accuracy degradation and necessitat-
ing retraining or fine-tuning, which may not be feasible
in resource-limited scenarios.

Furthermore, contemporary neural network acceler-
ators—such as edge Tensor Processing Units (TPUs),
NPUs, and Digital Signal Processor (DSP)-based infer-
ence engines—offer highly optimized execution paths
for specific operations (e.g., depthwise convolutions,
low-bit integer arithmetic), yet these hardware capabili-
ties are often underutilized due to a fundamental discon-
nect between architecture design and hardware-aware
optimization objectives. Existing neural architecture
search (NAS) frameworks, while effective in discover-
ing efficient models, typically employ FLOPS or param-
eter count as proxy metrics, which may not accurately
reflect real-world latency or energy consumption on tar-
get hardware [45, 44].

Building upon the core principles of the original
TakuNetV1, which proved that the synergy of depth-
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wise convolutions, early downsampling, dense con-
nectivity, and hardware-aware design enables highly
efficient real-time inference on embedded UAV plat-
forms [11], this work presents an enhanced architecture,
TakuNetV2. While TakuNetV1 demonstrated that min-
imizing parameter count and inference latency need not
come at the expense of accuracy, TakuNetV2 system-
atically extends this foundation by introducing archi-
tectural refinements — namely a denser stem and hy-
brid depthwise feature extraction blocks — that push
the accuracy–efficiency frontier further, particularly on
larger and more complex datasets.

3. TakuNet

We present two versions of the same TakuNet fam-
ily, namely TakuNetV1 [11] and TakuNetV2, both de-
signed to achieve high classification accuracy while
maintaining strict computational efficiency on resource-
constrained embedded systems. To this end, both ar-
chitectures integrate several well-established paradigms
from the efficient neural network literature, includ-
ing depthwise separable convolutions (DWConv) [49],
pointwise convolutions (Conv 1×1), grouped pointwise
convolutions (GConv 1×1) [71], residual and dense con-
nections [20, 21], and channel shuffling [72]. This com-
bination enables a favorable trade-off between represen-
tational power and computational cost, supporting real-
time inference even on severely resource-constrained
hardware.

While TakuNetV1 establishes an extremely compact
and efficient baseline, its design deliberately sacrifices
inter-channel feature interaction within its processing
blocks in favor of minimal parameter count. TakuNetV2
is specifically designed to overcome this limitation, in-
troducing targeted architectural changes that improve
representational capacity — and consequently classifi-
cation accuracy — with only a modest increase in com-
putational overhead. In the following subsections, we
detail the architecture of both versions and motivate
each design choice with respect to its predecessor.

3.1. TakuNetV1 Architecture
The architecture of TakuNetV1 is illustrated in Fig-

ure 2 and comprises five macro-components: a stem
block, four sequential processing stages each terminated
by a Downsampler block, and a final linear classifier.

3.1.1. Stem.
The stem is responsible for the initial spatial com-

pression of the input and consists of two stacked convo-
lutional layers:

x1 = ReLU6(BN(Conv3×3(x0))),
x2 = ReLU6(BN(DWConv3×3(x1))),

(1)

where ReLU6 denotes the Rectified Linear Unit
clamped to [0, 6] [49], BN denotes Batch Normaliza-
tion [73], and DWConv refers to a depthwise convo-
lution. The initial 3 × 3 full convolution uses a stride
of 2, a padding of 2, a dilation of 2, and 40 output fil-
ters. A subsequent depthwise convolution with stride
2 and padding 2 further reduces the spatial resolution,
yielding feature maps of size H

4 ×
W
4 × 40. This ag-

gressive early downsampling substantially reduces the
computational cost of all subsequent layers by shrink-
ing the spatial dimensions on which they operate — a
strategy also adopted in efficient architectures such as
MobileNet [49] and EfficientNet [44].

3.1.2. Processing Stages and TakuBlockV1.
The four processing stages each consist of a stack

of TakuBlocksV1 followed by a Downsampler. Each
TakuBlockV1 is defined as:

x1 = ReLU6(BN(DWConv3×3(x0))) + x0, (2)

comprising a residual depthwise convolution with stride
1, dilation 1, and padding 1. The four stages have
depths of (5, 5, 5, 4) TakuBlocksV1, respectively, with
these values determined empirically to maximize the
accuracy-efficiency trade-off. The exclusive use of
depthwise convolutions within TakuBlockV1 keeps per-
block parameter count and FLOPS extremely low,
as each filter operates on a single channel indepen-
dently [49]. However, as a direct consequence, no
inter-channel interaction occurs within the stages them-
selves: the network’s ability to mix information across
feature channels is entirely delegated to the Downsam-
pler blocks. This design decision is the primary limit-
ing factor of TakuNetV1 in tasks that require richer fea-
ture representations, such as fine-grained discrimination
among a larger number of classes.

3.1.3. Downsampler.
At the end of each stage, the Downsampler simul-

taneously reduces the spatial resolution of the feature
maps and expands the channel dimensionality. Inspired
by DenseNet [21] and ShuffleNet [47], the feature maps
produced by the last TakuBlockV1 of the stage are
concatenated with the stage’s input features, forming a
dense connection that encourages feature reuse across
processing depth. A grouped pointwise convolution
is then applied to the concatenated representation to
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Figure 2: Overview of the TakuNetV1 architecture. The input image is first processed by a convolutional stem block. Four subsequent stages
progressively extract spatial features, whose final output is later integrated along the channel axis with dense connection feature maps coming from
the stage’s input. At the end of each stage, the Downsampler block reduces the spatial size, while expanding the channel dimension. Finally, the
Refiner block balances spatial features before the linear classification layer.

project it into the desired output dimensionality while
limiting parameter growth; the number of groups is set
to ⌊(in channels+out channels)/8⌋. This is followed by Batch
Normalization and ReLU6. Spatial downsampling is
achieved via max-pooling in the first three stages and
average pooling in the last stage, each followed by
a Global Response Normalization (GRN) layer [74],
which suppresses redundant feature activations and im-
proves generalization. The grouped pointwise convo-
lution uses ⌊(in channels+out channels)/4⌋ groups, a ratio that
prioritizes parameter reduction over channel mixing ca-
pacity. After spatial downsampling, a Global Response
Normalization (GRN) layer [74] is applied uncondi-
tionally to the output of every Downsampler, suppress-
ing redundant feature activations and sharpening inter-
channel contrast. The Downsampler thus serves as the
sole site of cross-channel interaction in TakuNetV1, a
design bottleneck that TakuNetV2 systematically ad-
dresses.

3.2. TakuNetV2 Architecture

TakuNetV2 is motivated by a systematic analysis of
the representational limitations of TakuNetV1. Two pri-
mary bottlenecks are identified: (i) the absence of inter-
channel feature mixing within the processing blocks,
and (ii) the limited expressiveness of the single-layer
depthwise stem. Both issues are addressed through tar-
geted architectural modifications, resulting in a model
that achieves markedly higher classification accuracy —
particularly in datasets with a larger number of semantic
categories — at a carefully controlled increase in com-
putational cost. The architecture of TakuNetV2 is de-
picted in Figure 3.

3.2.1. Dense convolution Stem.
In TakuNetV1, the stem performs one full convolu-

tion followed by a depthwise convolution. While this
limits the parameter count, the depthwise layer pro-
cesses each channel independently, precluding inter-
channel interaction during the critical initial feature ex-
traction stage. To address this, we redesign the stem of
TakuNetV2 as two cascaded full convolutions:

x1 = LReLU(BN(Conv3×3(x0))),
x2 = LReLU(BN(Conv3×3(x1))),

(3)

where LReLU denotes the LeakyReLU activation func-
tion (discussed below). The first convolution projects
the three input RGB channels into an intermediate rep-
resentation of half the stem’s output channel count,
while the second expands this to the full output chan-
nel dimensionality. Both convolutions use a stride
of 2, achieving the same 4× spatial reduction as in
TakuNetV1.

Crucially, replacing the second depthwise stem layer
with a full convolution expands the channel context
available to the first TakuBlockV2. This modification is
directly complementary to the grouped (1 × 1) convolu-
tion used for channel compression at the entrance of the
block. Although the grouped convolution mixes only
a subset of its immediate input channels, the preced-
ing full convolution allows each of these input channels
to encode information from the complete intermediate
stem representation.

To make this interaction explicit, let (u) denote the
output of the first stem convolution, (s) the output of the
second stem operation, and (q) the compressed repre-
sentation produced by the grouped pointwise convolu-
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Figure 3: Overview of TakuNetV2’s archtecture. Differently from the original TakuNetV1, the new version includes a stem composed of two
densely connected convolutional layers, and introduces the updated TakuBlocksV2. These blocks are based on ghost feature generation through
two depthwise convolutions, one of which is dilated (bordeaux color).

tion at the entrance of TakuBlockV2. Batch normaliza-
tion and activation functions are omitted for clarity, as
they do not alter the channel-dependency structure.

When TakuBlockV2 is preceded by the original
depthwise stem operator, the second stem transforma-
tion can be written as

sDW
j = D j ∗ u j, (4)

where (D j) denotes the depthwise kernel associated
with channel ( j). Since each output channel (sDW

j ) de-
pends only on the corresponding input channel (u j), the
subsequent grouped pointwise convolution produces

qDW
r =

∑
j∈Gr

Pr jsDW
j =

∑
j∈Gr

Pr j

(
D j ∗ u j

)
, (5)

where (Gr) denotes the group of input channels con-
nected to output channel (r). Therefore, (qDW

r ) depends
only on the subset of intermediate stem channels con-
tained in (Gr). The channel context available to the
grouped convolution remains limited by its group par-
tition.

In TakuNetV2, the second stem operation is instead a
full convolution:

sFull
j =

M∑
k=1

K jk ∗ uk, (6)

where (M) is the number of intermediate stem chan-
nels and (K jk) denotes the convolution kernel connect-
ing input channel (k) to output channel ( j). Each chan-
nel (sFull

j ) can therefore combine information from all
(M) intermediate stem channels. The grouped point-
wise convolution in TakuBlockV2 then produces

qFull
r =

∑
j∈Gr

Pr jsFull
j

=
∑
j∈Gr

Pr j

 M∑
k=1

K jk ∗ uk


=

M∑
k=1

∑
j∈Gr

Pr jK jk

 ∗ uk

(7)

Consequently, although the pointwise convolution in-
side TakuBlockV2 remains grouped, each compressed
output channel (qFull

r ) can depend indirectly on all in-
termediate stem channels. The revised stem there-
fore expands the effective channel-dependency set be-
fore the low-cost grouped compression stage: the dense
stem performs global mixing along the channel dimen-
sion, while the grouped pointwise convolution retains
its computational advantage by operating only within
predefined groups. The ablation study in Table 7 con-
firms that this architectural modification independently
improves the final classification accuracy.

We note that the introduction of a denser stem
translates in higher FLOPS, considering that both
full-convolutions process the highest-resolution feature
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maps. However, given the small number of channels
involved at this stage (3 → C/2 → C, where C is
modest in our ultra-compact setting), the absolute cost
remains low. Furthermore, this architectural design
aligns with the prevailing trajectory of hardware devel-
opment. Modern dedicated AI accelerators are increas-
ingly optimized for high arithmetic intensity and dense
matrix operations. In these settings, full convolutions
often achieve superior hardware utilization compared
to fragmented or sparse operations, such as depthwise
convolutions, which frequently suffer from memory-
bandwidth bottlenecks and lower execution efficiency
on specialized silicon. Consequently, the transition to
a denser stem represents a strategic trade-off that priori-
tizes real-world latency and throughput over theoretical
FLOPS minimization.

3.2.2. TakuBlockV2: Compressed Ghost Feature Gen-
eration with Multi-Scale Depthwise Fusion.

The core innovation of TakuNetV2 is the re-
placement of TakuBlockV1 with the newly proposed
TakuBlockV2, which directly addresses the channel-
isolation limitation of its predecessor. TakuBlockV2
is structured around a GhostModule that generates en-
riched feature maps through three sequential opera-
tions: grouped channel compression, dual-scale depth-
wise spatial processing, and multi-scale feature fusion
via summation and concatenation. The full block is de-
fined as:

x1 = LReLU(BN(GConv1×1(x0))) ,

x2 = LReLU
(
BN
(
DWConv3×3(x1)

))
,

x3 = LReLU
(
BN
(
DWConv(d=2)

3×3 (x1)
))
,

x4 = Concat[x1, x2 + x3] + x0,

(8)

where GConv1×1 denotes a grouped pointwise con-
volution, DWConv(d=2)

3×3 a dilated depthwise convolution
with dilation rate d = 2, and Concat the channel-wise
concatenation operator.

Grouped channel compression. The first operation is
a grouped 1 × 1 convolution that maps the C input
channels to ⌈C/2⌉ intermediate channels, where the
number of groups is set to C/4. This simultane-
ously achieves two goals. First, it introduces explicit
cross-channel interaction that was entirely absent from
TakuBlockV1: features from different input channels
are mixed within each group before spatial processing.
Second, it halves the channel count at which all subse-
quent spatial operations are applied, so the depthwise
convolutions in the next step operate on a compressed

representation, directly reducing the computational cost
of the spatial processing stage. This compression-
before-spatial-processing strategy inverts the inverted-
bottleneck paradigm of MobileNetV2/V3 [43, 50],
which expands channels before depthwise operations,
incurring higher intermediate memory and bandwidth
costs. Here, compression reduces cost while the cross-
channel mixing of the grouped convolution compen-
sates for the reduction in redundancy.

Dual-scale depthwise spatial processing. The com-
pressed features x1 are simultaneously processed by two
independent depthwise convolutions operating at differ-
ent spatial scales. The standard 3 × 3 depthwise convo-
lution captures high-frequency local structure — edges,
textures, and fine object boundaries — within a 3 × 3
receptive field. The dilated 3× 3 depthwise convolution
with dilation d = 2 expands the effective receptive field
to 5×5 pixels while using an identical number of param-
eters, since dilation modifies only the sampling stride
and not the kernel size [75]. The two kernels Ks and Kd

are learned independently without parameter sharing,
allowing each to specialize:

x2[h,w, c] =
∑
i, j

Ks[i, j, c] · x1[h + i, w + j, c], (9)

x3[h,w, c] =
∑
i, j

Kd[i, j, c] · x1[h + 2i, w + 2 j, c]. (10)

This dual-path design distinguishes TakuBlockV2
from all prior lightweight blocks. ShuffleNetV2 [72]
employs a single 3×3 depthwise convolution per branch,
with no multi-scale capability. GhostNet [53] aug-
ments primary features with a single cheap linear trans-
formation at one scale. MobileNetV3 [50] applies
one depthwise convolution per block, optionally aug-
mented by squeeze-and-excitation attention, but with-
out any spatial multi-scale processing within the block.
In TakuNetV2, two spatial scales are computed simul-
taneously and fused, providing a representational rich-
ness that none of these prior designs offer within a single
block.

Multi-scale fusion and restoration. The outputs of the
two depthwise paths are fused by element-wise summa-
tion: x2+x3. This summation, rather than concatenation,
is a deliberate design choice. Concatenation would dou-
ble the channel count, requiring a subsequent projec-
tion and increasing cost. Summation instead produces a
multi-scale spatial response in which each of the ⌈C/2⌉
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channels encodes information from both the local 3 × 3
neighbourhood and the wider 5 × 5 context simultane-
ously, at no additional parameter cost. The fused repre-
sentation is then concatenated with the channel-mixed
features x1 from grouped channel compression, restor-
ing the full channel count C. A residual connection +x0
spans the entire block, preserving gradient flow [20] and
ensuring that the original input features are never dis-
carded.

The resulting output x4 ∈ RH×W×C therefore inte-
grates three sources of information: (i) cross-channel re-
lationships learned by the grouped convolution; (ii) fine-
grained local spatial structure from the standard depth-
wise path; and (iii) broader contextual structure from
the dilated path. This combination is particularly suited
to aerial disaster imagery, where semantically relevant
patterns span vastly different spatial scales: local fea-
tures such as the structural edges of a collapsed building
and wider contextual patterns such as the spatial extent
of a flood or fire zone are simultaneously necessary for
accurate scene classification [64].

When comparing parameter cost, a TakuBlockV1
with C channels contains C · 9 parameters (one 3 × 3
depthwise kernel). A TakuBlockV2 with the same C
channels contains C

4 · ⌈
C
2 ⌉ parameters for the grouped

conv, plus ⌈C
2 ⌉ · 9 for each of the two depthwise ker-

nels — a total of roughly C2

8 + 9C parameters. For the
channel widths used in TakuNetV2 (C ∈ {40, 80, 160}),
this represents a moderate per-block overhead that is
offset by the reduction in stage depth (from (5, 5, 5, 4)
to (3, 3, 5, 4) blocks), yielding the final model with only
∼8K additional parameters over TakuNetV1.

3.2.3. Revised Downsampler with Interleaved Dense
Connection.

The Downsampler in TakuNetV2 is revised along
four dimensions relative to TakuNetV1. At the end
of each stage, the Downsampler receives two in-
puts: the output of the last TakuBlockV2 in the stage
(xout ∈ RH×W×Cin ) and the stage’s input features (xin ∈

RH×W×Cdense ), forming a dense skip connection inspired
by DenseNet [21].
Interleaved channel fusion. The two feature tensors
are not simply concatenated along the channel dimen-
sion. Instead, they are interleaved at the sub-channel
level: xout is reshaped to expose groups of Cin/Cdense
channels per spatial position, and xin is inserted be-
tween these groups before the tensor is flattened back
to RH×W×(Cin+Cdense). This channel interleaving ensures
that the subsequent grouped pointwise convolution acts
on spatially interleaved features from both the begin-

ning and end of the stage, improving local mixing across
the dense connection — an operation conceptually re-
lated to the channel shuffle of ShuffleNetV2 [72] but ap-
plied to the dense connection rather than within a single
branch.

Relaxed grouping. The grouped pointwise convolution
that projects the combined representation to Cout chan-
nels uses ⌊(Cin + Cdense)/8⌋ groups, relaxed from the
⌊(Cin + Cdense)/4⌋ used in TakuNetV1. Fewer groups
mean more cross-channel interaction within the Down-
sampler projection, consistent with the overall design
philosophy of TakuNetV2.

GRN removal. The Global Response Normalization
(GRN) layer applied unconditionally after each Down-
sampler in TakuNetV1 is removed in TakuNetV2. The
ablation study (Table 7, row 2) shows that GRN con-
tributes positively in TakuNetV1, where it compensates
for the limited feature diversity of purely depthwise
TakuBlocksV1 by sharpening inter-channel contrast. In
TakuNetV2, the richer multi-scale representations pro-
duced by TakuBlocksV2 already exhibit sufficient di-
versity, rendering GRN redundant; its removal frees pa-
rameters reallocated to the block design.

Adaptive pooling in the final stage. The last Downsam-
pler uses AdaptiveAvgPool2d rather than fixed-kernel
average pooling, collapsing the spatial dimensions to 1×
1 regardless of input resolution. This allows TakuNetV2
to process images of varying resolutions without archi-
tectural modification — a practically important property
across datasets where input sizes differ (cf. Tables 4–6,
where input sizes range from 224 to 256 pixels).

3.2.4. LeakyReLU Activation.
Both the stem and TakuBlockV2 adopt LeakyReLU

in place of the ReLU6 used in TakuNetV1. The hard
clamping of ReLU6 can cause dead neurons when ac-
tivations are driven into the saturated region, impairing
gradient flow and limiting the effective learning capac-
ity of deep networks — an effect that is exacerbated in
the compact models considered here, where each neuron
contributes proportionally more to the overall represen-
tation. LeakyReLU mitigates this by preserving a small,
non-zero gradient for negative inputs [76], enabling sta-
ble backpropagation without the representational cost of
clipping. Although more expressive activations such as
GeLU [77] are available, they incur a non-trivial com-
putational overhead on embedded hardware. As shown
in Table 11, LeakyReLU achieves a favorable trade-off

15



between non-linearity and inference efficiency, making
it the preferred choice for our deployment target.
3.2.5. Stage Configuration and Classifier Head.

TakuNetV2 comprises four stages with depths of
[3, 3, 5, 4] TakuBlockV2 units, respectively. The re-
duced depth in the early stages ([3, 3, 5, 4] vs. [5, 5, 5, 4]
in TakuNetV1) reflects a key consequence of the
richer per-block representation. In TakuNetV1, early
stages require greater depth to progressively accu-
mulate representational capacity through repeated ap-
plication of channel-isolated depthwise convolutions.
In TakuNetV2, each TakuBlockV2 already performs
cross-channel mixing via its grouped pointwise convo-
lution, meaning that fewer sequential blocks are needed
to reach an equivalent level of feature expressiveness.
Empirical evaluation confirmed that reducing the depth
of the two early stages from 5 to 3 blocks does not de-
grade accuracy, while meaningfully reducing FLOPS
in the higher-resolution early feature maps where the
computational cost per block is greatest. The Refiner
module present in TakuNetV1 has been removed; the
parameters freed by this removal are reallocated to the
richer TakuBlockV2 units, where they contribute more
directly to feature quality. Accordingly, the network
concludes with a Global Average Pooling layer, a flatten
operation, and a linear classifier — a standard and com-
putationally efficient classification head widely adopted
in compact architectures [49, 44].
3.3. Summary of Contributions.

Table 7 provides a comprehensive ablation over the
differences between TakuNetV1 and TakuNetV2, val-
idating each design choice individually. The progres-
sion from row 1 to row 7 demonstrates that the accu-
racy improvements are cumulative, with the introduc-
tion of TakuBlocksV2 (row 5) and the new stem (row 4)
accounting for the largest individual gains. The final
model, TakuNetV2, achieves state-of-the-art F1-score
among all micro-scale models on the AIDERv2 and
CLRS benchmarks (Tables 5 and 6), with an absolute
F1 improvement of up to +3.3 percentage points over
TakuNetV1 on the more challenging CLRS dataset, at
a parameter overhead of only ∼8K additional weights
(50K vs. 42K) — a gain-to-cost ratio that compares fa-
vorably with all competing architectures.
4. The Astrial platform

As above mentioned, the progressive miniaturiza-
tion and increasing computational capacity of embed-
ded systems have significantly transformed a lot of
applications, including the capabilities of unmanned
aerial vehicles. In particular, in this context, the inte-
gration of single board computers (SBCs) enable the

adoption of computer vision for autonomous behav-
iors such as visual navigation, object detection, and
real-time decision-making, even in GPS-denied envi-
ronments. These enhancements, however, come at the
cost of increased power consumption, thermal manage-
ment challenges, and more stringent security require-
ments, especially when deployed in compact airborne
platforms where volume, mass, and energy are tightly
constrained.

Figure 4: The Astrial single board computer by System Electronics

Astrial2 is a state-of-the-art, AI-driven embedded
platform (see Fig. 4) developed within System Elec-
tronics3. Astrial is designed to streamline processes in a
variety of applications and not only on unmanned vehi-
cles. Industrial automation and smart manufacturing are
some examples that can leverage the common interfaces
of Astrial (see Fig. 5).

In particular, Astrial provides a dual camera in-
put (MIPI-CSI2 standard) supporting two streams at
1920x1080@30fps, in addition to HDMI and MIPI-DSI
for monitors and the standard set of I/O busses for pe-
ripherals control. Thus, computer vision algorithms re-
quiring dual-camera setups are supported, such as stereo
vision or monocular systems with wide field-of-view
optics to allow depth estimation, feature tracking, and
simultaneous localization and mapping (SLAM). These
systems are particularly valuable in environments where
GNSS signals are degraded or unavailable. To support
such workloads, Astrial allows to maintain low-latency
video pipelines (below 100 ms), with direct memory ac-
cess (DMA) paths between camera interfaces and the
memory hierarchy to prevent bottlenecks.

The software OS is provided as a YOCTO reposi-
tory4. The small form factor is compatible with the

2http://www.astrial.ai
3https://www.systemelectronics.com
4https://github.com/System-Electronics/

astrial-howto
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Figure 5: Diagram with the main elements and interfaces of the Astrial board.

specification of a RaspberryPi ComputeModule-45. Be-
side these common specifications, Astrial integrates two
key elements for such a small form factor design (see
Fig. 6). The main CPU (i.e., NXP i.mx8m-plus) is con-
nected via PCIe bus to the neural network accelerator
HAILO-8 that is capable of 26 TOPS (integer 8 bits)
in terms of multiply-and-add operations and an on-chip
memory of 32Mbytes. Furthermore, a Secure Element
(i.e., NXP SE050) is made available for enhanced secu-
rity integration, where its inclusion in UAV SBCs would
provide a trusted anchor for system integrity. Secure
Elements manage cryptographic keys within an isolated
environment, preventing exposure to the main process-
ing unit or system memory. These chips perform dig-
ital signatures, encryption, decryption, and certificate
management internally, thereby reducing vulnerability
to software-based attacks.

In hostile environments, drones may be captured
or damaged. Secure elements provide tamper-evident
mechanisms, such as voltage and temperature moni-
toring, secure erase on intrusion detection, and non-
repudiable event logs. These features are vital in de-
fense, surveillance, and industrial applications where
data confidentiality is paramount.

The integration of SBCs with heat-dissipating ele-
ments introduces mechanical and dynamic challenges.
The placement and mass of the heat sinks can alter
the moment of inertia of the UAV. Large or asym-
metrically placed components can introduce unwanted
torques during rotation, impairing agility and control

5https://www.raspberrypi.com/products/

compute-module-4/?variant=raspberry-pi-cm4001000

Figure 6: Astrial co-processors

authority. This effect is particularly pronounced during
fast yaw or pitch maneuvers, where moment of inertia
and dynamic forces may affect the overall performance
of the flight.

Exposed heat sinks or cooling ducts may increase the
cross-sectional area, thus introducing additional drag.
In fixed-wing UAVs, this may reduce airspeed and en-
durance; in rotary-wing systems, it may influence lift
asymmetry during lateral translation. To this aim, As-
trial is an SBC qualified for extended range temper-
ature (-40C to 85C) and it is provided with a cus-
tom heatsink tested for full system utilization. The
aluminum heatsink has a dimension of 50x40x20mm,
weighting 64 grams.
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Component Specification

CPU NXP i.MX8-m-plus (4 × Cortex-A53 @ 1.6GHz + 1 × Cortex-M7 @ 800MHz)
NPU internal: Verisilicon VIP8000 (2.3 TOPS), external: HAILO-8 (26 TOPS, 32MB on-chip

memory)
RAM 8GB, 32-bit LPDDR4
Storage 32GB eMMC
Video Decode HW Decode: 1080p60, H.265/4, VP9, VP8
Video Encode HW Encode: 1080p60, H.265/4
ISP Dual 1080p@30 ISP (12MP, 375Mpix/s)
GPU 16 GFLOPS (high-precision), OpenGL ES 3.1/3.0, Vulkan, OpenCL 1.2 FP, OpenVG 1.1
Secure Element NXP SE050 (FIPS 140-2 L3)
Thermal -40°C to +85°C (entire SBC)
OS YOCTO: Kirkstone LTS / Scarthgap LTS
Power Min 4W, Max 8W (depending on workload), standby / powersave mode available
Form Factor RaspberryPi Compute Module 4 (CM4)
Size 55 × 40 mm

Table 1: Astrial Hardware Specifications

A summary of the Astrial features are reported in Ta-
ble 1.

5. Experiments

5.1. Aerial Image Disaster Event Recognition (AIDER)
dataset

The AIDER [12] dataset is a collection of images ac-
quired by different aerial vehicles and coming from var-
ious digital repositories, such as the world-wide-web
(YouTube, newspaper web pages, the image indexing
sections provided by major search engines, etc.) and via
real-world drone acquisitions. The dataset consists of a
set of multi-resolution images of complex scenes com-
posed of natural territories, urban environments, large
road infrastructure, rural or coastal areas, and so on. It
includes scenes acquired in different seasons and at dis-
tinct times of the day, trying to offer a truthful overview
of the real world, despite its small size. The hand-
collected images contain scenes of emergency situations
such as floods, collapsed buildings, traffic accidents, and
fires. The first version of the dataset features 320 images
for fires/smoke, 370 images for floods, 320 images for
collapsed buildings/rubble, 335 images for traffic acci-
dents, and 1200 images for the normal class, i.e. aerial
images free of the various types of disasters. The dataset
has a first limited version in size and was later expanded
in [64]. Unfortunately, this latest version has been re-
duced due to copyright infringement, and a rather high
number of images have been removed. The image com-
position of the AIDER dataset is detailed in Table 2,
which enumerates the total number of images available
along with a breakdown of the distribution between in-
dividual classes. For a fair comparison, we split the
dataset into training and testing sets, using a proportion

of 70/30 for all classes except Normal, split with a pro-
portion of 65/35, keeping the exact test proportions as
[70] and [64].

Due to the scarcity of data, we did not leave room for
a standalone validation set, which we replaced with a k-
fold cross-validation method performed on the training
set, with k = 5.

Class Train Test Total

Collapsed Building 365 146 511
Fire/Smoke 373 148 521
Flood 376 150 526
Traffic Accidents 346 139 485
Normal 2,850 1,540 4,390

Total Per Set 4,310 2,123 6,433

Table 2: Class distribution across training and testing sets of AIDER
dataset [12] (latest available version).

5.2. Aerial Image Disaster Event Recognition Version
2 (AIDERv2) Dataset

Similarly to AIDER, AIDERv2 [13] is a collection of
aerial images representing multiresolution emergency
situations. The dataset collects urban, suburban, ru-
ral, coastal or lagoon scenes, and natural parks, taken
at different times and seasons. Unlike the previous, the
dataset is fully available and official training, validation,
and test sets are provided, where the split ratio is set to
80/10/10, respectively, as expressed in Table 3.

5.3. Continual Learning Benchmark for Remote Sens-
ing Image Scene Classification (CLRS)

To further validate the quality of our model and
deepen the comparison with its competitors, we in-
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Figure 7: The variety of some of the images in the AIDER [12] dataset grouped by each class. In detail, from the left, collapsed buildings,
fire/smoke, floods, traffic incidents, and normal classes are shown.

corporated an evaluation on the CLRS dataset [14].
This dataset comprises 15k remote sensing images
evenly distributed across 25 classes – airport, bare-
land, beach, bridge, commercial, desert, farmland, for-
est, golf-course, highway, industrial, meadow, moun-
tain, overpass, park, parking, playground, port, rail-
way, railway-station, residential, river, runway, stadium,
and storage-tank. Each class thus contains 600 sam-
ples, each with a base resolution of 256 × 256 pixels.
The spatial resolution of the images ranges from 0.26m
to 8.85m. Although originally published for contin-
ual learning research, the CLRS dataset’s characteris-
tics render it an excellent benchmark for models trained
to recognize high altitude imagery. We partitioned the
dataset into training, validation, and test subsets follow-
ing an 70:10:20 ratio, yielding 10.5k training, 1.5k val-
idation and 3.0k test samples.

Class Train Validation Test Total

Earthquakes 1,927 239 239 2,405
Flood 4,063 505 502 5,070
Fire 3,509 436 436 4,384
Normal 3,900 487 477 4,864

Total Per Set 13,399 1,670 1,654 16,723

Table 3: AIDERv2 [13]: class distribution across training, validation,
and testing sets.

5.4. Training Settings
In the initial stage of the training pipeline, image aug-

mentation is employed as a pre-processing step to pro-
mote pattern diversity and increase variance within the
limited datasets. The augmentation techniques, consis-
tent with those described in [64], include color shifting,
blurring, geometric transformations (translations, rota-
tions, mirroring), random cropping, sharpening, shad-
owing, illumination changes, and zooming. Each trans-
formation is applied with a randomly selected prob-

ability ranging from 0.05 to 0.5, thereby preventing
the model from learning spurious variations as inherent
characteristics of the dataset. In addition, all images are
normalized and resized to a fixed resolution specific to
each dataset: 240 × 240 pixels for AIDER, 224 × 224
pixels for AIDERV2, and 256 × 256 pixels for CLRS.
This choice ensures consistency with the original papers
and enables the evaluation of model performance across
varying input resolutions.

All the training phases are conducted on a system
equipped with NVIDIA RTX 4070 Ti Super 16GB and
Intel i7-12700F. TakuNetV1 as well as TakuNetV2 are
trained using the RMSProp [78] optimizer with de-
cay 0.9, momentum 0.9, and an initial learning rate of
1×10−3, along with a L2-regularization term of 1×10−5.
Both TakuNetV1 and TakuNetV2 are trained using Py-
Torch’s Automatic Mixed Precision (AMP) framework,
with float16 and bfloat16 as the respective com-
pute dtypes. Under AMP, forward and backward passes
are executed in the reduced-precision dtype while the
optimizer retains a full-precision FP32 master copy of
the parameters throughout training; the exported model
checkpoint therefore contains FP32 weights in both
cases, independently of the compute dtype chosen. The
choice of bf16 for TakuNetV2 is motivated by its wider
dynamic range: bf16 allocates eight exponent bits (iden-
tical to FP32) against the five exponent bits of fp16,
eliminating the risk of gradient underflow that can arise
in architectures with denser stems and parallel depth-
wise branches without requiring explicit loss scaling.
The shallower stem and single-branch depthwise opera-
tors of TakuNetV1 do not exhibit this sensitivity, mak-
ing fp16 sufficient for that model. Deployment pre-
cision is determined independently by the target run-
time: TensorRT applies FP16 on platforms without na-
tive bf16 support (e.g., Jetson Nano) and exploits native
bf16 on Ampere-class devices and ARMv8.6-A cores,
with no modification to the exported FP32 graph re-
quired in either case. Training is performed over 300
epochs with a batch size of 64, using a step learning
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rate scheduler to adjust the learning rate at each epoch,
as defined by the following formula:

ηt = η0 × γ
⌊t/step size⌋ (11)

where ηt represents the learning rate at epoch t, γ is the
multiplicative factor for the learning rate, and step size
is the period of learning rate decay. We use a γ value of
0.975 with a step size of 2. Finally, the random seed is
set to 22 and a cross-entropy loss function is employed.

5.5. Evaluation and Performance Metrics

Following previous work in the literature [64, 70],
we validate the accuracy of the proposed method using
the F1-score metric, which is particularly effective for
assessing the classification capability of the model on
even unbalanced datasets. We also include parameters
that are essential to assess how well a model is compat-
ible with deployment on an embedded device. In par-
ticular, we report the number of model parameters and
the amount of memory used by the model during infer-
ence. As a measure of computational complexity, we
use FLOPS, representing the number of floating-point
operations a system can perform per second. Although
widely adopted, FLOPS have been criticized in the lit-
erature [79, 55] as often being limited to accurately re-
flect model performance on real-world platforms. Fur-
thermore, the efficiency of neural network components
can vary considerably depending on the computational
characteristics of the underlying hardware, particularly
the CPU. To overcome these limitations, we comple-
ment FLOPS with practical performance evaluation by
reporting the framerate, in terms of frames per second
(fps), achieved on real-world embedded devices. For
each board we also report the Thermal Design Power
(TDP), i.e. the maximum amount of heat a processor or
other component is designed to dissipate under normal
operating conditions. This empirical assessment cap-
tures model latency more explicitly, providing a clearer
indication of its suitability for real-world deployment.

5.6. Comparison with the literature

We perform a comparative analysis against several
well-established computer vision models. For the sake
of understanding, in the tables we categorize these ar-
chitectures into two families.

The first family comprises widely recognized models,
such as VGG [18] and ResNet [20], mainly developed to
improve performance in general computer vision tasks.
These models have been developed without regard for
their potential use on embedded boards: indeed, they

have Giga-FLOPS values and therefore require power-
ful GPUs to be deployed. We also include additional
models, such as MobileNet [49] and SqueezeNet [46],
that have been tailored for a single specific embedded
hardware accelerator and then they have not been di-
rectly optimized for efficiency or speed in multiple em-
bedded settings. As previously discussed (see Sect. 2),
they achieve enhanced performance at the expense of in-
creased complexity and greater hardware requirements.
Both of these architectures are presented in the upper
sections of the tables to serve as performance references
on the considered datasets.

The second family includes architectures explicitly
designed for both embedded environments and aerial
image recognition, such as EmergencyNet [64], TinyE-
mergencyNet [70] and TakuNet [11]. These models are
listed in the lower sections of the tables, providing direct
benchmarks to evaluate the performance of TakuNetV1
and TakuNetV2 on the respective datasets. Emergen-
cyNet and TinyEmergencyNet are implemented using
the PyTorch6 framework, following the instructions de-
tailed in the respective articles [64, 70]. During this
process, we observe minor discrepancies in the publicly
available implementation of EmergencyNet, while no
official implementation of TinyEmergencyNet is found
online. Other architectures included in the comparison
are sourced directly from TorchVision 7 and Timm 8 li-
braries, ensuring consistency and reproducibility in the
benchmarking.

For the competing architectures, we retain the opti-
mization hyperparameters and learning-rate policies re-
ported in the respective original publications. We de-
liberately did not train the competing architectures us-
ing the optimizer and step-decay schedule adopted for
TakuNetV2. In general, applying a common training
recipe would not necessarily yield a fairer comparison,
since optimization hyperparameters can be architecture-
dependent (i.e.if obtained through grid-search algo-
rithms or similar techniques). If the resulting perfor-
mance were lower than that obtained with the original
training policies, the comparison would unfairly penal-
ize the competing models. Conversely, if the modified
recipe improved their performance, the resulting opti-
mization strategy would constitute an additional contri-
bution beyond the scope of this work. Therefore, each
competing model was evaluated using the training pol-
icy reported in its original publication.

6https://pytorch.org
7https://pytorch.org/vision/stable
8https://huggingface.co/timm
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6. Results

In this section, we evaluate TakuNetV1 and
TakuNetV2 on three aerial image recognition bench-
marks of increasing complexity and conduct a de-
tailed ablation to isolate the contribution of each ar-
chitectural component. Before presenting individual
results, we state the central empirical thesis that the
full set of results collectively supports: as dataset
complexity increases — measured by the number of
semantic categories and degree of intra-class vari-
ability — the accuracy advantage of TakuNetV2 over
TakuNetV1 grows monotonically, while both models re-
main strictly Pareto-optimal among all compared archi-
tectures in the accuracy-versus-parameter-count space.
On AIDER (4 classes, small dataset), TakuNetV1
achieves the highest F1-score among micro-scale mod-
els; on AIDERv2 (17 classes, large dataset), TakuNetV2
overtakes TakuNetV1 and reaches the top overall score;
on CLRS (25 classes, balanced), TakuNetV2 achieves
state-of-the-art accuracy among all models regardless
of scale. This progression directly validates the ar-
chitectural motivation of TakuNetV2: its richer intra-
block feature representation is most beneficial precisely
where fine-grained discrimination among many similar
categories is required. On hardware, a complementary
pattern emerges: TakuNetV1 dominates on efficiency-
first hardware where operation-count minimality is
paramount (NPU, legacy CPU), while TakuNetV2
demonstrates superior throughput-per-watt on modern
hardware with high arithmetic intensity (Raspberry Pi
4/5, Jetson platforms), reflecting the alignment of its
denser computational blocks with the parallel execution
capabilities of contemporary processors.

The evaluation on AIDER [12] provides a test of
model generalization under severe data scarcity, given
its limited size and four-class structure. As shown
in Table 4, TakuNetV1FP=16 achieves the highest F1-
score (0.943) among all micro-scale models, outper-
forming EmergencyNet (0.936) while using fewer than
half its parameters (37.7K vs. 90.9K) and lower FLOPS
(35.93M vs. 77.34M). Both TakuNet variants estab-
lish a new Pareto frontier in the accuracy-efficiency
space, with TakuNetV1 achieving the best accuracy at
the smallest model size among all compared architec-
tures.

TakuNetV2 attains an F1-score of 0.936, matching
EmergencyNet while requiring half its parameters and
two-thirds its FLOPS. The marginally lower score rel-
ative to TakuNetV1 (−0.007) is consistent with a well-
understood phenomenon in compact model design: on
low-complexity tasks with few classes and limited train-

ing data, architectures with higher representational ca-
pacity may not fully exploit their added expressiveness,
and the implicit regularization of a simpler model can
provide a marginal benefit [44]. AIDER’s four-class
structure provides insufficient discriminative challenge
to reveal the advantages of TakuBlockV2’s multi-scale
channel-aware processing. This interpretation is di-
rectly confirmed by the progression across datasets: the
performance gap between V2 and V1 reverses sign and
grows as class count increases (−0.007 on AIDER →
+0.002 on AIDERv2→ +0.033 on CLRS). Further ar-
chitectural or training optimization on AIDER is not
pursued, as the observed performance gap is marginal
and the dataset limited. We believe that additional tun-
ing would likely overfit to this four-class benchmark,
which is not representative of the intended deployment
regime of TakuNetV2. In practice, TakuNetV1 is prefer-
able for simpler classification tasks, while TakuNetV2
is better suited to scenarios with higher semantic com-
plexity.

The evaluation on AIDERv2 [13], a substan-
tially larger yet class-imbalanced dataset, reveals pro-
nounced gains for TakuNetV2. As shown in Ta-
ble 5, TakuNetV2FP=16 attains the highest F1-score
(0.959), surpassing both the original TakuNetV1FP=32
(0.957) and EmergencyNet (0.955), while maintain-
ing a low parameter count (45.7k) and moderate
computational cost (45.2M FLOPS). Compared to
TakuNetV1FP=16 (0.948), V2 achieves an 1.1 pp im-
provement, demonstrating that its enhanced stem and
dual-branch TakuBlockV2 effectively leverage the in-
creased data volume to extract finer-grained and more
specialized features.

Moreover, TakuNetV2’s superior performance rela-
tive to other ultra-light- weight models such as TinyE-
mergencyNet (0.882) and MobileNetV3 (0.919), con-
firms that its architectural refinements scale favorably
with dataset size, improving robustness to class imbal-
ance and intra-class variability. These results under-
score that, as the amount of training data grows, the
benefits of a denser stem and advanced feature fusion
within TakuNetV2 become more pronounced, validat-
ing its design as an optimal solution for real-time em-
bedded aerial image recognition.

The evaluation on the CLRS dataset [14], summa-
rized in Table 6, provides a rigorous test of model ex-
pressivity and generalization, given its 25 semantically
similar classes and balanced sample distribution. In
this challenging setting, TakuNetV2FP=16 achieves an
F1-score of 0.838, outperforming not only the original
TakuNetV1FP=16 (0.805) and TakuNetV1FP=32 (0.791),
but also all other ultra-lightweight competitors, includ-
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Model F1-score Parameters Memory FLOPS

VGG16 [18] 0.601 14,840,133 59.36 17.62G
ResNet50 [20] 0.917 23,518,277 94.07 4.83G
SqueezeNet [46] 0.890 737,989 2.95 845M
EfficientNet B0 [44] 0.950 4,013,953 16.06 479M
MobileNetV2 [43] 0.930 2,230,277 8.92 371M
MobileNetV3 [50] 0.915 4,208,437 16.83 265M
ShuffleNet [47] 0.908 1,258,729 5.03 176M

EmergencyNet [64] 0.936 90,963 0.36 77.34M
TinyEmergencyNet [70] 0.895 39,334 0.16 36.30M

TakuNetV1FP=16 [11] 0.943 37,685 0.15 35.93M
TakuNetV1FP=32 [11] 0.938 37,685 0.15 35.93M
TakuNetV2FP=16 0.936 45,945 0.18 51.80M

Table 4: Comparison of model F1-score, parameters, memory footprint (MB), and FLOPs on the AIDER [12] dataset. Images are set to 240 × 240
pixels. Elements highlighted in bold refer to the best results, while those underlined refer to the second-best results.

Model F1-score Parameters Memory FLOPS

ConvNext Tiny [80] 0.940 27,820,000 111.29 4.46G
GCVit XXtiny [81] 0.932 11,480,000 45.93 1.94G
Vit Tiny [29] 0.873 5,530,000 22.1 1.08G
Convit Tiny [82] 0.871 5,520,000 22.07 1.08G
MobileViT s [83] 0.855 4,940,000 19.76 1.42G
DiRecNetV2 [84] 0.964 799,380 3.20 1.09G
MobileViT xs [83] 0.837 1,930,000 7.74 710M
EfficientNet-B0 [44] 0.934 4,010,000 16.05 410M
MobileVit V2 050 [85] 0.834 1,110,000 4.46 360M
MobileNetV2 [43] 0.934 2,230,000 8.92 330M
MobileViT xxs [83] 0.859 950,000 3.81 260M
SqueezeNet [46] 0.845 730,000 2.90 260M
ShuffleNet V2 [72] 0.852 1,260,000 5.03 150M
MobileNetV3 [50] 0.919 930,000 3.72 60M

EmergencyNet [64] 0.955 90,704 0.36 61.96M
TinyEmergencyNet [70] 0.882 39,075 0.16 31.57M

TakuNetV1FP=16 [11] 0.948 37,444 0.15 31.38M
TakuNetV1FP=32 [11] 0.957 37,444 0.15 31.38M
TakuNetV2FP=16 0.959 45,704 0.18 45.23M

Table 5: Comparison of F1-score, parameters, memory footprint (MB), and FLOPs on the AIDERv2 [13] dataset. Input image size is set to 224.
Elements highlighted in bold refer to the best results, while those underlined refer to the second-best results.

ing EmergencyNet (0.815), TinyEmergencyNet (0.710).
This improvement is driven by two principal architec-
tural advances: the dense stem, which enhances initial
channel mixing and spatial context aggregation, and the
TakuBlockV2 modules, whose dual-branch depthwise
convolutions and channel-aware pathways enable multi-
scale feature extraction and refined inter-channel inter-

actions. These design choices allow TakuNetV2 to gen-
erate richer and more discriminative feature maps, di-
rectly translating into superior performance on complex
aerial scene classification tasks. Notably, while larger
models – such as ResNet50 (0.831) – remain compet-
itive, they require orders of magnitude more parame-
ters and computational resources. The same applies
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also to lightweight vision models such as MobileNets
V2 (0.733) and V3 (0.799), EfficientNet (0.752), or one
the group-best-performing model SqueezeNet (0.814),
showing their unsuitability for these specific settings.

Across all the three benchmarks AIDER, AIDERv2,
and CLRS, the original TakuNetV1 consistently bal-
ances accuracy and efficiency, establishing state-of-
the-art performance among ultra-lightweight models.
TakuNetV2 builds on this foundation, demonstrating
modest accuracy trade-offs on the smallest dataset
(AIDER) and significant improvements on larger and
more complex datasets in terms of classes (AIDERv2
and CLRS). In particular, V2 leverages increased data
volume to maximize the benefits of its enhanced Stem
and TakuBlockV2, resulting in the best overall F1-
scores (0.959 on AIDERv2, 0.838 on CLRS) while
preserving real-time inference capabilities and low re-
source consumption. These results validate TakuNetV2
as a versatile and effective solution for embedded aerial
image recognition under diverse data regimes.

The ablation study in Table 7 traces the incremental
transition from TakuNetV1 to the final TakuNetV2 con-
figuration, with each row adding a single architectural
modification. Unless otherwise noted, all intermediate
configurations inherit the fp16 AMP training regime of
TakuNetV1; the switch to bf16 is introduced as an ex-
plicit, isolated step in row 7. Starting from the complete
TakuNetV1 baseline (0.805), the first step removes the
Refiner module (row 1), which causes a substantial ac-
curacy drop to 0.761 (−4.4 pp). The Refiner — a sin-
gle non-activated convolutional layer designed to nu-
merically stabilize pre-logit activations — accounts for
approximately 6.8% of TakuNetV1’s total parameters.
Its strong contribution to TakuNetV1’s accuracy reflects
the fact that, within that architecture, it compensates for
the limited discriminative quality of the purely depth-
wise features produced upstream: without it, the clas-
sifier receives insufficiently processed representations.
Importantly, this does not imply that the Refiner is an
indispensable component in general; rather, it masks
the representational deficit of TakuBlocksV1. The sub-
sequent introduction of TakuBlocksV2 (row 5) and the
richer stem (row 4) directly addresses this deficit at its
source, rendering the Refiner functionally redundant:
the final TakuNetV2 achieves 0.838 without it. The
ablation therefore demonstrates that the architectural
changes introduced in TakuNetV2 are not merely ad-
ditive improvements, but constitute a genuine redesign
in which the role previously played by the Refiner is ab-
sorbed into the feature extraction pipeline itself, yield-
ing both higher accuracy and a more principled archi-
tecture.

The removal of the Global Response Normalization
(GRN) layer (test #2), which relies on computation-
ally expensive operations such as norms and square
roots, results in only a minor further decrease in ac-
curacy (to 0.793). This suggests that, although GRN
can be beneficial in certain contexts, its contribution
is limited in lightweight architectures and its latency
overhead on embedded hardware outweighs its marginal
performance gains, especially in complex scenarios like
CLRS.

The introduction of the LeakyReLU activation func-
tion (test #3), introduced to mitigate the dead neuron
effect, does not lead to any measurable improvement in
accuracy. This suggests that activation sparsity does not
introduce undesired bottlenecks for this architecture un-
der the current experimental conditions. Although the
LeakyReLU neither improves nor degrades the final ac-
curacy, it is retained also due to its comparable latency
characteristics. However, in other contexts, the use of
LeakyReLU may still offer advantages given its poten-
tial to alleviate neuronal inactivity.

A significant leap in performance is observed with the
adoption of a denser stem (test #4), which increases both
the number of parameters and FLOPS (to 44,365 and
58.87M, respectively), but also raises accuracy to 0.813
(+2.5%). The stem, composed of two dense convolu-
tional layers, is critical for early-stage feature extraction
and channel mixing. Its dense computational nature is
particularly well-suited for acceleration on GPUs and
NPUs, making the trade-off between complexity and ac-
curacy highly favorable in practical deployments.

The introduction of TakuBlocksV2 (test #5) marks
another substantial improvement, elevating accuracy
to 0.827 and further increasing the parameter count
and computational cost. These blocks employ dual-
branch depthwise convolutions and channel-aware path-
ways, which enable multi-scale feature extraction and
refined inter-channel interactions. This design directly
addresses the channel-wise limitations of the original
TakuNetV1, allowing the network to capture more spe-
cialized and discriminative features essential for com-
plex aerial scene classification.

Further improvements involve reducing the number
of layers in the initial stages, where features are less dis-
criminative, and increasing the group size in pointwise
convolutions within the downsampler modules (test #6).
These changes yield a modest accuracy gain (to 0.831)
and, importantly, a substantial reduction in FLOPS,
demonstrating the effectiveness of parameter redistribu-
tion and architectural streamlining.

Finally, the training compute dtype is switched from
fp16 to bf16 mixed precision (test #7). Both dtypes pre-
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Model F1-score Parameters Memory FLOPS

VGG16 [18] 0.762 15,341,913 61.37 20.05G
ResNet50 [20] 0.831 23,559,257 94.24 5.37G
SqueezeNet [46] 0.788 748,249 2.99 968M
EfficientNet B0 [44] 0.752 4,039,573 16.16 522M
MobileNetV2 [43] 0.733 2,255,897 9.02 408M
MobileNetV3 [50] 0.799 4,234,057 16.94 292M
ShuffleNet [47] 0.814 1,279,229 5.12 193M

EmergencyNet [64] 0.815 96,143 0.38 82.31M
TinyEmergencyNet [70] 0.710 44,514 0.18 42.63M

TakuNetV1FP=16 [11] 0.805 42,505 0.17 40.95M
TakuNetV1FP=32 [11] 0.791 42,505 0.17 40.95M
TakuNetV2FP=16 0.838 50,765 0.20 59.07M

Table 6: Comparison of F1-score, parameters, memory footprint (MB), and FLOPS
on CLRS [14], where images are set to 256 × 256 pixels. Elements highlighted in bold refer to the best results, while

those underlined refer to the second-best results.

# Arch. element F1-score Parameters Memory FLOPS

TakuNetV1[11] 0.805 42,505 0.16 40.95M
1 w/o refiner 0.761 39,625 0.15 40.91M
2 w/o GRN [74] 0.793 38,185 0.15 40.91M
3 LeakyReLU 0.793 38,185 0.18 40.91M
4 stem 0.813 44,365 0.18 58.87M
5 TakuBlocksV2 0.827 48,605 0.19 63.31M
6 #layers, #groups 0.831 50,765 0.20 59.07M
7 bf16-mixed prec. 0.838 50,765 0.20 59.07M

Table 7: Ablation study on architectural difference between TakuNetV1 and TakuNetV2 on the CLRS [14] dataset
. The last row correspond to the final version of the proposed TakuNetV2.

serve a FP32 master copy of the weights under PyTorch
AMP, so the exported model is format-identical in either
case and incurs no deployment incompatibility on plat-
forms lacking native bf16 support. The accuracy gain
(0.831 → 0.838) is attributable to the wider dynamic
range of bf16, whose eight exponent bits match those
of FP32 and eliminate the gradient underflow risk that
fp16’s narrower five-exponent-bit range can introduce
in architectures with dense stems and parallel depth-
wise branches, precisely the structures added in rows 4
and 5. That TakuNetV1 does not require this switch
confirms that fp16 instability is an emergent property
of the denser architecture rather than a dataset artifact:
the simpler single-branch depthwise operators and shal-
lower stem of TakuNetV1 keep gradient magnitudes
within fp16’s representable range throughout training.

In summary, the ablation study validates the ratio-

nale behind each architectural decision. The removal of
non-essential components, the strategic enhancement of
the stem, the introduction of advanced TakuBlocksV2,
and the careful tuning of layer depth and group size
collectively drive the model’s performance to state-of-
the-art levels for ultra-lightweight aerial image recogni-
tion. These results highlight the importance of holistic
architectural optimization, where even minor changes
can have significant impacts on both accuracy and
efficiency, especially in resource-constrained environ-
ments.

7. Performance on Real Embedded Devices

Although floating-point operations per second
(FLOPS) are commonly used in the literature to
estimate computational complexity and serve as a
rough proxy for inference latency, their predictive
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value is often limited in real-world embedded sce-
narios. FLOPS do not account for hardware-specific
optimizations, memory access patterns, parallelization
bottlenecks, or the heterogeneous support for neural
network operations across different device architec-
tures. Consequently, models with similar theoretical
complexity may exhibit markedly different latency
and throughput when deployed on actual hardware,
especially in energy-constrained environments.

To provide a realistic assessment of deployability, we
report direct latency and throughput measurements for
all models on a diverse set of embedded platforms. The
experimental setup includes ARM-based single-board
computers without dedicated neural accelerators, such
as the Raspberry Pi family, as well as devices equipped
with general-purpose GPUs, including NVIDIA Jet-
son Nano and Jetson Orin Nano. Additionally, the as-
trial board featuring the specialized Neural Processing
Unit (NPU) Hailo 8 for low-power, high-throughput
inference is considered. This selection encompasses
the spectrum of commercially available embedded so-
lutions, ranging from cost-effective, general-purpose
boards to advanced platforms optimized for deep learn-
ing workloads. All devices operate within a low-power
envelope, typically between 4 and 15 watts, ensuring
relevance for both scientific benchmarking and practi-
cal deployment in UAVs.

For each platform, models were exported to ONNX
format and evaluated on batches of 2,500 images, with
1,000 images used for Raspberry Pi 3 due to memory
constraints. Where supported, floating-point-16 mod-
els, such as TakuNetV1 and TakuNetV2, were further
optimized using TensorRT, enabling efficient utilization
of GPU and NPU resources without loss of accuracy.
Inference times were measured end-to-end, excluding
data transfer and pre/post-processing overhead, to re-
flect the real latency for each model.

To provide a complete understanding of model be-
havior, we report three complementary metrics: FPS,
FPS/δ-Power, and FPS/Power. FPS quantifies raw infer-
ence throughput, reflecting real-time capability. FPS/δ-
Power captures the true computational efficiency of the
model by considering only the additional power re-
quired above the idle state, thus isolating the effective-
ness of the architecture itself. Conversely, FPS/Power
expresses the global efficiency with respect to the de-
vice’s total power consumption, which is especially rel-
evant for deployment and battery life estimation. To-
gether, these metrics offer a balanced picture of both
intrinsic model efficiency and practical energy require-
ments for embedded deployment.

The results presented in Tables 8, 9, and 10 pro-

vide a detailed comparison of state-of-the-art ultra-
lightweight architectures across heterogeneous embed-
ded hardware, highlighting the interplay between model
design, hardware acceleration, and real-world effi-
ciency. This analysis enables a nuanced understand-
ing of the trade-offs involved in selecting and deploying
neural networks for energy- and latency-constrained ap-
plications.

7.1. CPU-Based Platform Performances
The results in Table 8 provide a comprehensive view

of model performance across three generations of Rasp-
berry Pi boards, each representing a different tier of
embedded CPU capability. On the Raspberry Pi 3B,
all models are constrained by limited computational
resources and memory bandwidth. Here, TinyEmer-
gencyNet achieves the highest frame rate (11.3 FPS),
yet this performance is still inadequate for real-time
operation on edge devices, and its accuracy is no-
tably lower than that of the TakuNet family. The
original TakuNetV1 (TakuNetV1FP=16) and TakuNetV2
(TakuNetV2FP=16) both deliver competitive throughput
(9.17 and 7.64 FPS, respectively), with TakuNetV2 of-
fering a superior balance of power efficiency and accu-
racy due to its denser stem and improved feature ex-
traction. Notably, TakuNetV2 matches EmergencyNet
in power consumption while providing higher FPS and
better classification results, underscoring the effective-
ness of its architectural refinements even on legacy
hardware.

Moving to the Raspberry Pi 4, the increased process-
ing power and memory bandwidth allow all models to
achieve substantially higher frame rates. TinyEmergen-
cyNet again leads in raw FPS (38.8), but TakuNetV2
narrows the gap, reaching 31.4 FPS with a power draw
of just 5.25 W. Importantly, TakuNetV2 outperforms
both EmergencyNet and the original TakuNetV1 in
terms of FPS per watt and FPS per delta-power, reflect-
ing its superior energy efficiency and suitability for sus-
tained, real-time operation. The denser stem and opti-
mized block structure of TakuNetV2 enable it to better
exploit the available hardware, translating architectural
improvements directly into practical gains.

On the Raspberry Pi 5, which offers a significant leap
in CPU performance, the advantages of the TakuNet
family become even more pronounced. The original
TakuNetV1 achieves the highest absolute FPS (141.0),
demonstrating the scalability of its lightweight design.
However, TakuNetV2, while slightly lower in raw FPS
(101.5), delivers a markedly better trade-off between
throughput, power consumption, and accuracy. Its ar-
chitectural enhancements – particularly the improved
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Raspberry Pi 3B FPS Power [W] FPS/δ-Power FPS/Power

idle 1.58
EmergencyNet 7.3 2.81 5.98 2.61
TinyEmergencyNet 11.3 2.81 9.23 4.03
TakuNetV1FP=16 9.17 4.28 3.39 2.14
TakuNetV2FP=16 7.64 2.55 7.88 3.00

Raspberry Pi 4 FPS Power [W] FPS/δ-Power FPS/Power

idle 1.53
EmergencyNet 27.6 5.30 7.31 5.20
TinyEmergencyNet 38.8 5.15 10.72 7.53
TakuNetV1 27.3 5.36 7.14 5.10
TakuNetV2FP=16 31.4 5.25 8.43 5.98

Raspberry Pi 5 FPS Power [W] FPS/δ-Power FPS/Power

idle 3.21
EmergencyNet 92.0 8.11 18.79 11.35
TinyEmergencyNet 125.0 7.80 27.23 16.02
TakuNetV1 141.0 8.16 28.50 17.28
TakuNetV2 101.5 8.00 21.20 12.69

Table 8: FPS performance of competing models on CPU embedded platforms, with best and second-best results highlighted. Values are averaged
over 2,500 runs at batch size 1, except for Raspberry Pi 3 with 1,000 runs due to RAM limitations.

stem and TakuBlockV2 modules – enable it to maintain
high efficiency and robust classification performance,
making it the most balanced choice for deployment
where both speed and accuracy are critical.

Overall, these results demonstrate that TakuNetV2
consistently delivers strong real-time performance and
energy efficiency across a range of embedded CPU plat-
forms. Its design choices, including a denser compu-
tational stem and advanced feature extraction modules,
allow it to adapt effectively to varying hardware capabil-
ities, outperforming or matching other ultra-lightweight
models not only in accuracy but also in practical deploy-
ability. This highlights the importance of co-designing
neural architectures with hardware characteristics in
mind to achieve optimal results in real-world embedded
applications.

7.2. GPU-Accelerated Platforms Performances

The results in Table 9 provide a detailed comparison
of model performance on two generations of NVIDIA
Jetson platforms, each equipped with a dedicated GPU
accelerator optimized for edge deep learning work-
loads. On the Jetson Nano, which represents an entry-
level GPU-accelerated embedded device, TakuNetV1
achieves the highest throughput at 108.0 FPS, with the
best power efficiency (21.18 FPS

W ) and FPS-per-delta-
power (33.75). This demonstrates the exceptional suit-

ability of the original TakuNet architecture for real-
time inference on legacy edge GPU hardware, where
both speed and energy consumption are critical. TinyE-
mergencyNet also performs well, reaching 87.3 FPS,
but its lower accuracy compared to TakuNetV1 and
TakuNetV2 limits its practical utility for demanding vi-
sion tasks. Notably, TakuNetV2 delivers 84.3 FPS (i.e.,
it is comparable to TinyEmergencyNet), while offer-
ing a substantial improvement in classification accuracy
thanks to its enhanced stem and TakuBlockV2 modules.
The denser computational structure of TakuNetV2, al-
though slightly heavier, is efficiently handled by the Jet-
son Nano’s GPU, resulting in a strong balance between
throughput and accuracy.

On the Jetson Orin Nano, which features a signif-
icantly more powerful GPU and improved memory
bandwidth, all models achieve markedly higher frame
rates. TakuNetV1 again leads, attaining an impressive
655.3 FPS with the highest energy efficiency (65.53
FPS

W ) and FPS-per-delta-power (119.15). This scalabil-
ity highlights the architectural efficiency of TakuNet,
which is able to fully exploit the advanced hardware
capabilities of the Orin Nano. TakuNetV2 achieves
560.3 FPS, ranking second in both raw throughput
and efficiency metrics, and demonstrates that its ar-
chitectural enhancements –particularly the dual-branch
TakuBlockV2 – scale effectively with increased com-
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Jetson Nano FPS Power [W] FPS/δ-Power FPS/Power

idle 1.9
EmergencyNet 68.8 5.9 17.20 11.66
TinyEmergencyNet 87.3 5.7 22.97 15.32
TakuNetV1 108.0 5.1 33.75 21.18
TakuNetV2 84.3 5.4 24.09 15.61

Jetson Orin Nano FPS Power [W] FPS/δ-Power FPS/Power

idle 4.5
EmergencyNet 400.5 14.5 40.05 27.62
TinyEmergencyNet 428.6 13.8 46.09 31.06
TakuNetV1 655.3 10 119.15 65.53
TakuNetV2 560.3 10 101.87 56.03

Table 9: FPS performance of competing models on GPU embedded platforms, with best and second-best results highlighted. Values are averaged
over 2,500 runs at batch size 1

putational resources. EmergencyNet and TinyEmergen-
cyNet, while competitive in terms of FPS (400.5 and
428.6, respectively), lag behind in efficiency or accu-
racy, underscoring the advantage of the TakuNet family
for high-performance embedded deployment.

It is noteworthy that, despite the increased computa-
tional complexity of TakuBlockV2 (with roughly three
times as many layers per block compared to the origi-
nal), TakuNetV2 maintains excellent efficiency on both
Jetson platforms. This is attributable to the hardware-
aware design, which ensures that the added depth and
channel interactions are well-matched to the parallel
processing capabilities of modern GPUs. Overall, these
results confirm that both TakuNetV1 and TakuNetV2
deliver state-of-the-art performance and energy effi-
ciency across a range of GPU-accelerated embedded de-
vices, with TakuNetV2 offering a compelling trade-off
between throughput and classification accuracy for real-
time aerial image recognition.

7.3. NPU-Based Platforms Performances

The results for the Astrial platform equipped with the
Hailo-8 NPU, shown in Table 10, require careful inter-
pretation in light of the Hailo-8’s distinctive hardware
architecture and its compiler behavior for non-standard
topologies.

The Hailo-8 implements a proprietary structure-
driven dataflow architecture in which the chip’s com-
pute, memory, and control blocks are physically dis-
tributed across the die and statically allocated to in-
dividual network layers at compile time. Crucially,
the Hailo-8 integrates all required memory directly on
the processor die, with no access to external DRAM

. All intermediate activations and weights must there-
fore fit within the chip’s fixed on-chip SRAM dur-
ing a single inference pass. When the compiler de-
termines that a model’s resource requirements exceed
what can be mapped within a single execution con-
text,due to routing constraints, layer topology com-
plexity, or on-chip memory pressure, it partitions the
model into multiple sequential contexts, each of which
is loaded and executed separately, with intermediate re-
sults transferred between contexts over the PCIe bus.
When multiple contexts are required, additional trans-
fers will need to occur over the PCIe bus in order to
perform the context switching required to execute the
entire model. This context-switching overhead is well-
documented: models compiled to a single context con-
sistently achieve substantially higher throughput than
multi-context equivalents, regardless of their theoretical
FLOPS count.

In the case of TakuNetV2, the Hailo Dataflow Com-
piler generates a two-context execution plan, while
TakuNetV1 compiles to a single context. This out-
come is paradoxical given the extremely small size of
TakuNetV2 (∼51K parameters, 45M FLOPS), which
is orders of magnitude smaller than models the Hailo-
8 routinely executes in a single context — such as
ResNet-50 (25M parameters, 4.1G FLOPS). The root
cause is therefore not model size but rather the topolog-
ical structure of TakuBlockV2: the parallel dual-branch
depthwise paths and the multi-input concatenation op-
eration create a non-linear dataflow graph that the cur-
rent version of the Hailo compiler cannot route within
a single on-chip context allocation. This is a compiler
limitation specific to the current Hailo Dataflow Com-
piler toolchain, not an intrinsic property of the model,
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Astrial FPS Power [W] FPS/δ-Power FPS/Power

idle 3.99
EmergencyNet 868.0 4.79 1085.00 181.16
TinyEmergencyNet 1920.0 5.27 1500.00 364.33
TakuNetV1 1116.0 4.84 1312.94 230.58
TakuNetV2 358.0 4.46 761.70 80.27

Table 10: FPS performance of competing models on NPU embedded platforms, with best and second-best results highlighted. Values are averaged
over 2,500 runs at batch size 1.

and does not arise on any other platform tested in this
work.

Despite this penalty, TakuNetV2 achieves 358 FPS on
the Astrial platform — substantially exceeding any real-
time deployment requirement for aerial image classifi-
cation — and maintains a competitive FPS/δ-Power ra-
tio of 761. Notably, TakuNetV2 achieves this while con-
suming the lowest absolute power of any model tested
on this platform (4.46W), which can be attributed to the
PCIe transfer overhead not drawing additional compute
power from the NPU array itself. The dual-context exe-
cution paradoxically results in a model that is thermally
lighter on the NPU die, since each context utilizes fewer
on-chip resources per pass.

We note that this limitation is specific to the current
generation of Hailo toolchain support and is actively
evolving. As documented by Hailo, newer compiler
versions improve multi-context allocation and routing
for complex topologies. Furthermore, the successor
architecture Hailo-10H introduces direct DDR mem-
ory access, which would eliminate the on-chip mem-
ory pressure that triggers multi-context compilation en-
tirely. The TakuNetV2 architecture is therefore not
constrained by any fundamental NPU incompatibility,
but rather sits at the frontier of what current compiler
toolchains can optimally map — a position that reflects
the forward-looking nature of its design rather than a
deployment deficiency.

TakuNetV1, compiling to a single context, achieves
1,116 FPS on the Astrial with an FPS/δ-Power of
1,312.94 — the second-highest energy efficiency of any
model on any platform tested in this work. This con-
firms TakuNetV1 as the preferred choice when NPU de-
ployment with maximal throughput is required.

7.4. Dual-context compilation on Hailo-8
Plausible root cause. The Hailo-8 neural core is a
structured-dataflow streamer processor designed circa
2017 and optimised for dense full convolutions. Its
compute fabric consists of eight processing clusters in-
terconnected by a Network-on-Chip (NoC) bus, backed

by 32 MB of on-chip Static Random-Access Memory
(SRAM) shared among compiled model weights, inter-
mediate activations, and I/O tensors [86]. The Dataflow
Compiler (DFC) allocates these resources greedily to
maximise throughput subject to per-context utilisation
thresholds on compute, memory, and control logic;
when any threshold is exceeded the graph is automat-
ically partitioned into consecutive execution contexts,
each fitting within the on-chip envelope. Within this
framework, depthwise convolutions impose a structural
overhead that standard convolutions do not. A dense
convolution maps every input channel to every output
channel, keeping all MAC lanes active and allowing ac-
tivations to stream continuously through the NoC from
one cluster to the next. A depthwise convolution is ar-
chitecturally equivalent to a group convolution in which
the group count equals the number of input channels,
with exactly one filter per group. Because the Hailo-
8 subcluster processes features in multiples of eight, a
depthwise layer satisfies the hardware’s grouping con-
straint (OF < 8 outputs per group) but activates only a
single MAC lane per group, leaving the remaining seven
idle. Crucially, the valid per-channel results must be
gathered and re-ordered before they can be forwarded
downstream: the DFC must allocate an additional rout-
ing unit for this purpose, consuming control and on-
chip memory resources beyond those required by the
convolution itself. The cost is quantitatively visible in
the DFC’s supported-parameter tables: a standard 3×3
convolution supports dilation factors up to 16 × 16 at
unit stride, whereas the optimised depthwise 3×3 path
reaches only 4 × 4, a fourfold reduction that directly re-
flects the tighter resource budget consumed by the extra
routing stage [86]. The DFC profiler also exposes this
overhead through the mac layers util metric, which
records the fraction of subclusters computing valid out-
put features excluding intermediate routing operations,
confirming that depthwise operators occupy hardware
resources without contributing proportionally to useful
computation.
TakuNetV2 applies this operator class under conditions
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that compound the routing pressure along two indepen-
dent axes. First, the revised stem comprises two suc-
cessive 3 × 3 dense convolutions with stride 2, process-
ing the full-resolution input before any spatial down-
sampling. The dense dataflow of standard convolutions
means that every compute and weight-memory budget
entry is consumed at maximal channel utilisation at this
stage, leaving a reduced on-chip footprint for the sub-
sequent blocks. Second, each TakuBlockV2 instance
applies a grouped pointwise projection followed by a
channel-wise split of the output into two equal halves,
each processed by a separate depthwise branch: one
with a standard 3 × 3 kernel and one with a dilated
3 × 3 kernel. Both branches must retain their inter-
mediate activation tensors simultaneously in on-chip
L3 or L4 memory until they are combined, prevent-
ing the producer-to-consumer streaming that the NoC
is designed to exploit and requiring twice the buffer
allocation of a single-branch depthwise design. Each
branch independently triggers the extra routing-unit al-
location intrinsic to depthwise operators on this archi-
tecture; their structural parallelism therefore doubles the
routing overhead relative to a single depthwise path.
The cumulative effect, a memory-intensive dense stem
occupying the initial resource budget, followed by re-
peated stages of parallel depthwise branches each carry-
ing routing overhead and competing for the same 32 MB
of on-chip SRAM, exhausts the available resource en-
velope before the full graph can be allocated within a
single context, causing the DFC to partition TakuNetV2
into two consecutive execution contexts. It should be
noted that the dual-context behaviour is an end-to-end
property of the compiled graph as a whole; while the
denser stem introduced in TakuNetV2 increases the ini-
tial resource consumption, the DFC output does not pro-
vide sufficient granularity to attribute the context split
to any single architectural modification in isolation, and
the parallel depthwise branches of TakuBlockV2 may
constitute a stronger plausible contributing factor con-
sidering how the NPU is designed to work.

Power measurement boundary conditions under dual-
context execution. The dual-context configuration in-
troduces two sources of execution overhead that do not
arise in single-context networks: the transfer of interme-
diate activation tensors between the two contexts over
the PCIe interface to host DRAM and back, and the re-
configuration of the accelerator’s internal NoC routing
tables and cluster assignments before the second context
can begin execution. Of these two components, recon-
figuration is the dominant term: its duration is largely
independent of tensor size and is instead determined by

the number of layers and subcluster assignments that
must be reprogrammed, whereas the PCIe transfer time
scales with the size of the inter-context activation maps.
The reported power information encompass the com-
plete inference execution, including both contributions.
This is an intentional worst-case boundary condition:
all energy consumed during context switching is energy
that is genuinely required to execute TakuNetV2 on this
accelerator in its as-compiled form, and reporting it in
full provides an honest assessment of the effective de-
ployment cost on the selected hardware [86]. The idle
baseline, measured while the accelerator is powered but
not executing inference, excludes context-switching ac-
tivity by construction: no contexts are active, and there-
fore neither PCIe transfers nor reconfiguration events
occur. Both components of the dual-context overhead
consequently appear exclusively in the active-inference
energy, and the idle power correctly captures only the
quiescent chip state. No available Hailo profiling tool
decomposes the PCIe transfer power from the reconfig-
uration power within the context-switch interval; an es-
timate derived from inter-context tensor sizes, bus volt-
age, and link-utilisation parameters could in principle
be constructed, but it would rely on unverifiable as-
sumptions about the PCIe PHY power model and would
not improve the accuracy of the reported figures. For
these reasons, and because the reconfiguration overhead
is itself non-negligible, the dual-context penalty is re-
ported entirely at the system level. Its most tangible
manifestation is an increase in end-to-end latency and
energy per inference, both of which are captured by the
measurements reported in Table 10.

In summary, while TakuNetV2 introduces a more
expressive and accurate architectural design, its ad-
vanced modularity and interconnections reveal limita-
tions in current NPU hardware and compiler support,
such as the dual-context execution required on Hailo-8.
This limitation paradoxically favors large, dense mod-
els and penalizes efficient, state-of-the-art lightweight
architectures that otherwise excel on other embedded
platforms. Moreover, the TakuNet family of architec-
tures demonstrates inherent superiority: TinyEmergen-
cyNet, derived from pruning EmergencyNet, must re-
train beginning from pretrained weights and effectively
undergoes approximately twice the number of training
epochs to reach a reasonable, albeit significantly lower,
accuracy level. We hope that future NPU designs and
toolchains will evolve to better support these modern,
efficient models, enabling them to reach their full po-
tential for real-time, low-power edge AI applications.
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ReLU [87] ReLU6 [49] LReLU [76] PReLU [88]

30.08s 30.84s 30.87s 32.87s

ELU [89] CELU [90] GELU [77] SELU [91]

168.56s 169.27s 401.49s 169.00s

Table 11: Latency of common activation functions on a Raspberry Pi
4, measured during execution on a (10000, 100) tensor.

7.5. Activation Functions Cost on ARM CPU

The latency measurements reported in Table 11 high-
light the substantial differences in computational cost
among common activation functions on embedded hard-
ware. While ReLU, ReLU6, and LeakyReLU exhibit
nearly identical and minimal latency, more complex ac-
tivations such as ELU, CELU, and GELU are signif-
icantly slower—by more than an order of magnitude.
This result justifies the adoption of LeakyReLU in our
architecture, as it provides robust nonlinearity with-
out incurring the latency penalties associated with ad-
vanced activation functions, ensuring efficient inference
on resource-constrained devices.

8. Conclusion

This work presents TakuNet advanced ultra-
lightweight neural architectures specifically designed
for aerial image recognition on embedded platforms.
In particular, by introducing a denser stem and the
new TakuBlockV2 units, hybrid Ghost blocks with
parallel standard and dilated depthwise convolutions,
TakuNetV2 significantly enhances feature diversity and
spatial representation, enabling robust generalization
across heterogeneous and complex datasets, even
more than the first version TakuNetV1. Extensive
experiments on public benchmarks and real embed-
ded hardware – including CPUs, GPUs, and NPUs
– demonstrate that the TakuNet architecture design
consistently achieves state-of-the-art accuracy while
maintaining a minimal parameter count, memory
footprint, and inference latency.

The hardware-aware design choices, such as the
use of low-latency activations and dense initial con-
volutions, prove critical for maximizing efficiency in
various edge devices. In particular, TakuNetV1and
TakuNetV2deliver strong performance not only on con-
ventional platforms but also on energy-constrained sys-
tems, confirming its versatility for real-world deploy-
ment in scenarios such as emergency response and au-
tonomous UAV operations.

However, our analysis also reveals current limitations
in NPU hardware and compiler toolchains, where rout-
ing and context constraints can penalize modular and ef-
ficient models, paradoxically favoring larger and denser
architectures. This finding underscores the need for a
closer co-evolution between neural network design and
hardware acceleration technologies, so that future NPUs
and compilers can fully support advanced lightweight
models.

Future research will focus on evaluating the effective-
ness of TakuNet architecture as a backbone for more
complex computer vision tasks, including object detec-
tion and multi-object tracking in aerial imagery. Given
its demonstrated efficiency and strong feature extrac-
tion capabilities, TakuNet is well positioned to serve as
the core of lightweight detection and tracking pipelines,
particularly in resource-constrained embedded environ-
ments. By extending its application beyond classifica-
tion, we aim to assess its ability to support real-time,
end-to-end perception systems for UAVs and other edge
devices, further validating its versatility and impact for
next-generation embedded deep vision tasks.
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