Lightweight Deep Learning for Visual Perception: A Survey of Models,
Compression Strategies, and Edge Deployment Challenges

Syed Muhammad Raza, ®?, Syed Murtaza Hussain Abidi, ®*, Md Masuduzzaman, ®® and Soo Young
Shin, ®%*

“Department of IT Convergence Engineering, Kumoh National Institute of Technology, 61 Daehak-ro,
Geoui-dong, Gumi-si, 39177, Gyeongsangbuk-do, South Korea

> Department - Degroote School of Business, McMaster University, 1280 Main St W, Hamilton, ON L8S 4L8, Canada, Hamilton, 1280, Ontario, Canada

ARTICLE INFO ABSTRACT

Keywords: The increasing demand for the deployment of deep neural networks (DNNs) in edge devices has led
Convolution Neural Networks to the development of lightweight deep learning (LDL) models designed to operate efficiently under
Deep Neural Networks resource constraints. Although DNNs have achieved remarkable success in various applications, their
Lightweight Deep Learning high computational requirements often limit their deployment on devices with restricted memory and
Model Compression processing power. This challenge has motivated researchers to develop optimized LDL models that
Resource-constrained devices. balance accuracy, speed, and efficiency while maintaining competitive performance. Despite existing

surveys covering specific aspects of LDL models, a comprehensive review encompassing image
classification, object detection, and segmentation remains limited. This proposed survey systemat-
ically explores recent advancements in LDL models, highlighting their architectures, optimization
techniques, and real-world applications. This survey conducts an empirical evaluation by testing latest
state-of-the-art LDL models on the Jetson Orin edge device using benchmark datasets: ImageNet for
classification, VisDrone for object detection, and COCO for segmentation. The experimental analysis
focuses on key performance metrics, including inference speed, model accuracy, and computational
efficiency, while comparing LDL models with their conventional counterparts. This study provides a
holistic understanding of the role of LDL models in edge computing, providing insight into emerging
trends, challenges, and future research directions in the field.

1. Introduction respect to input size, making them less suitable for edge and
embedded environments where resources are constrained. In
contrast, CNNs maintain architectural simplicity and com-
putational efficiency, rendering them the preferred backbone
for real-time Al on edge devices.

The evolution of LDL models has largely stemmed from
a drive to adapt CNN architectures for deployment under
stringent hardware constraints. Landmark models such as
AlexNet [33], ZFNet [89], VGGNet [4], and Inception-
V1 [67] laid the foundation for deep CNN development,
while ResNet [63] introduced architectural innovations to
mitigate vanishing gradients in deeper networks. However,
as CNNs became deeper and more complex, they presented
challenges in computational overhead, latency, and memory
demand, factors that are incompatible with edge computing
requirements.

To address these limitations, LDL techniques have emerged
to reduce model size, optimize computation, and enable Al
capabilities on resource-constrained platforms.

Lightweight CNN models have been designed to priori-
tize execution efficiency without severely degrading model
performance. Techniques such as pruning (removing redun-
dant weights), quantization (reducing precision), knowledge
distillation (training smaller models to mimic larger ones),
and Neural Architecture Search (NAS) have been employed
to optimize models for edge environments. These techniques

The rapid advancement of deep learning (DL) has signif-
icantly accelerated the development of artificial intelligence
(AD) applications, facilitating their deployment across a
broad spectrum of real-world use cases. Despite their re-
markable success, the deployment of DL models, especially
CNNs, on embedded systems and resource-constrained edge
devices presents substantial challenges. Conventional deep
architectures often require significant computational re-
sources, extensive memory capacity, and high power con-
sumption, rendering them impractical for real-time appli-
cations on edge devices such as mobile phones, Internet of
Things (IoT) nodes, and embedded systems. This challenge
has catalyzed the evolution of lightweight deep learning
(LDL) models: streamlined CNN-based architectures that
emphasize computational efficiency, reduced model size,
and improved inference speed without severely compromis-
ing accuracy.

While CNN have long dominated deep learning (DL)
applications in computer vision, recent advancements have
brought transformer-based architectures into prominence.
Vision Transformers (ViTs), adapted from natural language
processing, have demonstrated competitive performance in
vision tasks. However, their reliance on self-attention mech-
anisms introduces quadratic computational complexity with
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Figure 1: Structure of the paper.

transformer-based vision models have shown impressive re-
sults in recent years, their heavy reliance on matrix multipli-
cations and self-attention modules has limited their adoption
on edge platforms compared to CNNs. Therefore, CNNs
continue to dominate edge Al deployments due to their supe-
rior trade-off between performance and efficiency. This sur-
vey presents a comprehensive and up-to-date review of LDL
models, emphasizing their architectures, design paradigms,
and optimized strategies tailored and limited for edge de-
vices and embedded applications fig. 1. Building on previous
studies [72, 87, 45, 8], this study integrates recent advances
in LDL to provide a holistic understanding of the field. The
key contributions of this paper are as follows:

1. This review provides a comprehensive analysis and

limitations of the major LDL models, including lightweigh

image classification, object detection, and segmenta-
tion models.

2. This research examines changes in network architec-
tures and their impact on model efficiency.

3. Finally, we performed experimental work to evaluate
the latest LDL model performance on the Jetson Orin
edge device.

2. Comparison with existing surveys

Previous studies have conducted surveys and reviews on
the deployment and usability techniques of LDL models, in-
cluding model compression. In the early years of LDL mod-
els, the research was focused on efficient model compression
techniques, hardware accelerators for DNNs models, and
custom hardware architectures [72, 38, 15, 88, 78]. Other
software-based LDL model techniques were discussed in
[16]. Software-based model compression methods encom-
pass a range of algorithm optimization techniques, includ-
ing quantization, pruning, compression, and approximation.
These techniques aim to streamline computational processes

t

while maintaining performance accuracy. However, all such
reviews focused on hardware or software-based model com-
pression and acceleration methods for deploying vast DNN
models to edge systems, as discussed in [43]. Moreover, de-
ploying DL models on mobile applications, as discussed in
[81, 16], includes local optimization on mobile devices and
distributed optimization based on the computational position
of machine learning tasks. In addition, recent studies were
conducted on object detection methods and LDL-based ob-
ject detection models [87, 97]. These comprehensive reviews
were based on the CNN-based object detection backbone
architecture using lightweight models and their optimization
techniques.

Most existing surveys in the domain of LDL have fo-
cused primarily on specific aspects such as model com-
pression techniques, hardware acceleration, or deployment
strategies for mobile and edge devices. Although these stud-
ies provide valuable information, they often address indi-
vidual components in isolation, focusing either on image
classification, object detection, or segmentation, rarely in
an integrated manner. This fragmented perspective creates a
challenge for researchers and practitioners who must synthe-
size knowledge across multiple sources to understand trade-
offs between models, compression strategies, and deploy-
ment feasibility in different computer vision tasks.

The absence of a unified survey that concurrently exam-
ines LDL models across all three core vision tasks image
classification, object detection, and segmentation can lead to
redundancy in experimentation, suboptimal model selection,
and inconsistencies in evaluating deployment performance
across application domains. These issues become more pro-
nounced as edge Al applications increasingly require multi-
task capabilities on constrained hardware platforms.

This survey addresses this gap by providing a con-
solidated, task-agnostic overview of LDL models, offering
comparative analysis and deployment insights across clas-
sification, detection, and segmentation as shown in table 2
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Table 1

Detailed comparison of existing survey and review on Lightweight DL models.

Reference Year  Topic

Details of survey

Efficient processing of deep neural

This paper discusses various hardware platforms

[73] 2017 networks: A tutorial and surve and architectures that support DNNs, and highlights
. Y key trends in reducing the computation cost of DNNs.
. . This paper reviews works on compressing and
[12] 2018 II\DAI‘\)I?\Iel compression and acceleration for accelerating DNNSs, which attracted considerable
attention from the DL community.
This paper covers algorithm optimization techniques,
[16] 2019 DL on mobile devices: A review such as qua}ntlzatlon, pruning, compression, a‘nd
approximations that simplify computation while
retaining performance accuracy.
Model Compression and Hardware Acceleration This paper discusses and reviews the mainstream compression
[15] 2020 for Neural Networks: A Comprehensive Surve approaches such as compact models, tensor decomposition,
’ P Y data quantization, and network sparsification.
This paper discusses several DL accelerators, as well as
Custom Hardware Architectures for Deep- technologies with emerging devices, to highlight their
[88] 2021 Learning on Portable Devices: A Review architectural features in application-specific integrated
€ ’ circuit (IC) and field-programmable gate array (FPGA)
platforms.
[43] 2021 Bringing Al to edge: From DL This paper discusses DL techniques for
perspective edge intelligence systems.
. . This paper discusses local optimization on mobile
[81] 2022 A survey on deploylng_moblle bL . . devices and distributed optimization based on the
applications: A systemic and technical perspective . . R .
computational position of machine learning tasks.
[87] 2022 A survey of modern DL-based object This paper discusses object detection and lightweight
detection models object detection models.
This paper discusses object detection techniques
[97] 2023  Object detection in 20 years: A survey of the last 20 years including LDL
models.
[8] 2024  Review of lightweight deep CNNs This paper discusses LDL CNN-based models.
L. . . . This paper discusses model compression techniques
[47] 2024  Image recognition based on lightweight convolutional neural network and LDL image classification models.
. . . . . Thi i itional LDL CNN |
[45] 2024  Lightweight deep learning for resource-constrained environments is paper discusses traditiona ¢ models

with model compression techniques.

A Comprehensive Survey on Lightweight

The proposed work 2025 DL Models and their Applications

This paper presents a comprehensive survey on

LDL models and their applications,

including model compression techniques, lightweight

image classification, object detection, and segmentation models.

summarizes the distinctions between this work and prior sur-
veys. By presenting a comprehensive synthesis of the field,
this paper aims to serve as a foundational resource to guide
model development, selection of compression strategies, and
optimization at the system level for edge-based Al systems.

3. Metrics and Datasets for LDL Models

This section provides an overview of the commonly
used evaluation metrics and benchmark datasets that have
been widely adopted in LDL models. These metrics and
datasets reflect the broader evaluation ecosystem used in
the literature and are not limited to the specific empirical
benchmarks presented later in this paper.

3.1. Evaluation Metrics

LDL models are typically assessed using both task-
specific accuracy measures and resource-oriented efficiency
metrics. For image classification, accuracy, top-1 accuracy,
and top-5 accuracy are the most commonly reported perfor-
mance metrics. These indicate the proportion of correctly
predicted class labels from all predictions, with top-k vari-
ants considering the top-k model outputs.

In object detection, the primary metric is the mean
Average Precision (mAP), calculated as the mean of average

precision (AP) across classes. AP itself is derived from
precision recall curves, typically at different intersection
over union (IoU) thresholds. The Pascal VOC protocol uses
a fixed IoU threshold of 0.5, whereas MS COCO employs
mAP across multiple IoU thresholds (from 0.5 to 0.95),
making it more rigorous. In segmentation tasks, metrics
like ToU (Jaccard Index), pixel accuracy, and mean pixel
accuracy are commonly used.

In addition to task-specific metrics, efficiency-oriented
measures are critical in evaluating LDL models. These
include:

o Inference time or frames per second (FPS): Quan-
tifies how fast a model performs predictions.

e Model size (in MB) and number of parameters:
Reflect the storage and memory footprint.

o Floating point operations per second (FLOPs):
Measures computational complexity.

These metrics together offer a multi-dimensional under-
standing of an LDL models suitability for deployment on
constrained hardware.
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Table 2
Dataset Details

Dataset Details
Dataset Name No of Images | No of Classes Category
Object Detection | Segmentation | Image Classification

ImageNet 1AM+ 1000 v X v
CIFAR-10 60K 10 X X v
CIFAR-100 60K 100 X X v
MNIST 70K 10 X X v
Fashion-MNIST 70K 10 X X v
SVHN 600K+ 10 X X v
Caltech-101 9K+ 101 X X v
Caltech-256 30K+ 256 X X v
Pascal VOC 07/12 11K 20 4 v X
ILSVRC Detection 456K 200 v X X
MS-COCO 2.5M 91 v v/ X
Open Images 9.2M+ 600 v v X
Cityscapes 25K 30 X v X
CamVid 701 32 X v X

3.2. Benchmark Datasets

This section presents an overview of the most popular
datasets used in LDL models, including image classifica-
tions, object detection, and segmentation models. This study
categorizes the datasets with each specific category and
presents a dataset table to better understand the readers as
shown in table 2.

4. Model Compression Techniques

The increasing deployment of DNNs on edge and em-
bedded systems necessitates reducing their computational
and memory demands without significantly compromising
performance. To address this, a broad spectrum of model
compression techniques has been proposed, with the most
prominent being pruning, quantization, knowledge distilla-
tion, and neural architecture search (NAS) [78]. While these
methods have shown promising results individually, each has
unique design principles, operational trade-offs, and prac-
tical limitations. This section analyzes these compression
paradigms in terms of their structural goals, commonali-
ties, distinctions, and suitability across application scenar-
ios. Furthermore, we highlight open research questions and
future directions that can guide the development of more
effective and deployable LDL models.

4.1. Pruning

Pruning is one of the most established and widely
adopted techniques for reducing the computational com-
plexity of DNNs, particularly in resource-constrained en-
vironments. The central premise of pruning is that not
all parameters or neurons contribute equally to a models
predictive capacity. Many weights, filters, or channels are
redundant or minimally influential and can be removed
with negligible impact on accuracy. By eliminating these
components, pruning yields thinner, more efficient networks
that are better suited for deployment on edge devices and
embedded systems [26].

In CNNs, pruning can be applied at various granular-
ities, including individual weights, neurons, filters, or en-
tire layers. For instance, filter pruning reduces the number
of convolutional filters, thereby decreasing the number of
multiply-and-accumulate (MAC) operations required during
inference [11]. This not only lowers latency and memory
usage but also facilitates deployment on hardware accelera-
tors with limited computational throughput. Fig. 2 illustrates
a schematic representation of how pruning removes non-
essential weights and neurons from a network.

After Pruning

Before Pruning

\
( ) ) ) ‘ )

Pruning
weights

W Pruning

( ) ( ) ( neurons — | ) { )

Figure 2: Schematic illustrating neuron and weight pruning.
Circles represent neurons; arrows represent weights. Redundant
elements are removed to reduce complexity. Courtesy of S. Hen
et al. [15].

Two primary categories of pruning techniques are widely
used in the literature:

Weight pruning focuses on eliminating individual con-
nections within the network by identifying low-magnitude
weights. This technique was pioneered by LeCun et al.
and later advanced by Han et al., who demonstrated that
sparsity can be effectively induced via L1 or L2 regular-
ization [1, 29]. L1 regularization tends to zero out weights
below a certain threshold, while L2 regularization offers
smoother penalization, often yielding better generalization.
By exploiting weight-level redundancy, high compression
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ratios can be achieved with relatively minor performance
degradation.

Filter pruning, in contrast, operates at a higher struc-
tural level by evaluating the importance of entire convolu-
tional filters. Common approaches involve computing the
L1- or L2-norm of filters or assessing their influence on the
model loss function [13, 41]. Advanced techniques further
introduce ranking criteria based on the activation feature
maps or low-rank approximations. For example, HRank
[41] proposes pruning based on the rank of feature maps,
thereby ensuring the removal of least informative filters.
This form of structured pruning is more hardware-friendly
than unstructured pruning and enables efficient acceleration
on parallel processors and edge inference engines.

4.2. Quantization

Quantization is a widely adopted model compression
technique that aims to reduce the numerical precision of
parameters and activations in DL models, thereby lowering
computational complexity, memory usage, and energy con-
sumption. To facilitate efficient neural network implemen-
tation on hardware [23]. The standard 32-bit floating-point
format used for storing weights and activations imposes
significant hardware and power demands, motivating the use
of lower bit-width formats such as 16-bit, 8-bit, or even
binary representations.

Recent advancements [48, 94] in quantization research
have focused on balancing the trade-off between computa-
tional efficiency and model accuracy. These studies high-
lights methods to minimize quantization error by preserving
the statistical distribution of full-precision representations
during training and inference. One commonly used approach
is low-bit precision quantization, which compresses model
weights and activations into reduced numeric formats while
maintaining acceptable accuracy levels. For example, 16-
bit floating-point (FP16) quantization has become popular
due to its compatibility with modern GPUs and specialized
Al accelerators, typically yielding negligible performance
degradation [32]. Even more aggressive, 8-bit integer quan-
tization has demonstrated strong performance across vision
tasks with minimal accuracy loss, as shown in the work of
He et al. [68]. More advanced strategies such as ternary
quantization use discrete levels (e.g., -1, 0, +1) to further
reduce computation, with the advantage of eliminating mul-
tiplications involving zero-valued weights [35].

Binarization represents an extreme form of quantization,
reducing all weights and activations to binary values (0 or
1). Several studies have explored this technique for edge
deployment, demonstrating its effectiveness in extremely
low-power environments [9, 40]. However, the aggressive
reduction in precision often results in significant accuracy
degradation, especially on complex datasets. Fig. 3 illus-
trates a schematic of the binarization process, where both
neurons and weights operate in binary form.

4.3. Quantization Sensitivity
Quantization sensitivity extents to which a model per-
formance degrades when reducing numerical precision from

VN
( \
N
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( )
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(
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Figure 3: Visual representation of binary neural network where
neurons and weights are encoded in binary format, enabling
efficient computation. Adapted from Deng et al. [15].

Table 3
Quantization sensitivity of CNN vs.
lightweight models on ImageNet.

Transformer-based

Model FP32 Acc. (%) | INT8 Acc. (%) | Drop (%)
MobileNetV3-Large [28] 75.2 74.9 0.3
EfficientNet-B0 [75] 771 76.6 0.5
MobileViT-S [51] 78.4 76.0 24
LeViT-128S [22] 76.5 74.0 25

full-precision floating point (e.g., FP32) to low-bit formats
such as INTS or lower.

CNN-based lightweight architectures, such as MobileNetV3

and EfficientNet-BO0, typically exhibit strong resilience to
post-training quantization (PTQ), with accuracy drops often
remaining below 0.5% on benchmark datasets [28, 75]. This
robustness is largely attributed to the localized nature of
convolutional operations and the relatively smaller dynamic
range of feature activations, which enables more uniform
quantization without significant information loss.

In contrast, transformer-based lightweight models, in-
cluding MobileViT and LeViT, demonstrate markedly higher
quantization sensitivity. The self-attention mechanism relies
on high-precision dot products and normalization operations
(e.g., LayerNorm), both of which are prone to amplified
quantization noise. The variance across token embeddings
and the wide dynamic range of attention scores exacerbate
numerical instability, resulting in disproportionately large
performance drops. Such sensitivity is especially problem-
atic for edge deployments, where INTS8 inference is often
mandatory to meet memory and latency budgets. Further-
more, the lack of standardized low-bit optimization kernels
for transformer operations on many embedded platforms
limits their practical adoption despite strong FP32 perfor-
mance.

Recent studies [51, 75] have reported that INT8 PTQ
can cause performance degradations of 2-3% for MobileViT
on ImageNet, compared to less than 0.5% for MobileNetV3,
underscoring an architectural gap in robustness to aggressive
quantization. Table 3 illustrates the comparative quanti-
zation sensitivity of selected CNN and transformer-based
lightweight models under INT8 PTQ.

To mitigate quantization-induced performance loss in
transformer-based LDL models, several strategies have been
explored. Quantization-aware training (QAT) simulates
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quantization effects during training, enabling models to
adapt weights and activations to lower precision. Mixed-
precision quantization selectively maintains higher pre-
cision (e.g., FP16) for sensitive layers such as attention
mechanisms, while quantizing other components (e.g., MLP
layers) to INTS. Furthermore, per-channel scaling im-
proves representational fidelity by tailoring quantization
parameters to individual channels, reducing dynamic range
compression. Despite these advances, the additional training
cost, hardware compatibility issues, and complexity of inte-
grating mixed-precision pipelines remain open challenges.
As a result, improving transformer robustness to low-bit
quantization remains a critical direction for enabling their
broader use in constrained edge environments.

4.4. Knowledge Distillation

Knowledge distillation has become a widely used strat-
egy for compressing deep learning models, particularly
when high accuracy must be preserved while reducing
model size and computational cost. Unlike direct parameter
reduction techniques, knowledge distillation employs a dual-
model framework: a large, well performing teacher model
and a smaller, more efficient student model. The student is
trained not only on hard labels from the dataset but also
on the richer output distributions or internal representations
learned by the teacher. This method was originally popular-
ized by Hinton et al. [27], and has since evolved into a diverse
set of techniques tailored to different tasks and deployment
constraints.

The standard distillation process typically transfers soft
logits probability distributions generated by the teacher into
the student model under a softened temperature scale, en-
abling the student to capture inter class relationships that are
often absent in one hot labels. Romero et al. [21] demon-
strated that aligning internal layer outputs between teacher
and student networks can significantly enhance learning in
compact architectures. This concept is particularly useful
when compressing deep networks for image classification,
object detection, or segmentation tasks.

Fig. 4 provides a visual overview of the knowledge distil-
lation framework, highlighting the dual supervision pathway
from both logits and intermediate layers.

Several variants of knowledge distillation have been
explored:

Logit-based distillation focuses on transferring output
distributions from the teacher model. Using softened logits,
the student learns to approximate the teacher’s prediction
behavior rather than relying solely on ground-truth labels.
Malinin et al. [50] extended this approach by distilling in-
formation from ensemble models to capture uncertainty and
diversity in predictions. Moreover, Ku et al. [34] proposed
a hierarchical scheme involving teacher assistants of inter-
mediate capacity to bridge the gap between large teachers
and small students, thereby improving knowledge transfer
efficiency.

Student Model
Transfer —
— W

Data

Figure 4: lllustration of knowledge distillation framework,
where the student model learns from both soft logits and
internal feature representations of the teacher. Adapted from
Gou et al. [21].

Teacher Model

s =

abpajmouy|

Feature-based distillation transfers knowledge from
intermediate layers or attention maps. This method is espe-
cially effective when the goal is to preserve spatial features
or semantic structures in vision tasks. Aguilar et al. [2]
explored distillation for object detection by aligning high-
level response maps between teacher and student, bypassing
soft output logits. Aligning internal features allows student
models to mimic the hierarchical representation learning
of deeper architectures, leading to enhanced generalization
despite fewer parameters.

Distillation schemes are typically categorized as offline
or online. In offline distillation, the teacher is pre-trained
and fixed; the student then learns from stored or gener-
ated outputs. This setup is straightforward to implement but
computationally demanding due to the need to first train a
high-capacity teacher. In contrast, online distillation trains
both teacher and student simultaneously, often using mutual
learning strategies among multiple peer networks. Zhang
et al. [91] and Huang et al. [30] demonstrated that such
collaborative learning frameworks can yield student models
that outperform the original teacher. Online approaches offer
significant training efficiency and are especially attractive for
distributed and privacy-sensitive training pipelines.

4.5. Neural Architecture Search

Neural Architecture Search (NAS) is a model compres-
sion and automation technique that aims to design neu-
ral network architectures optimally suited for a given task
or hardware constraint. Unlike manual architecture design,
NAS explores a predefined search space to automatically dis-
cover efficient network configurations that balance accuracy,
speed, and resource usage. This is particularly advantageous
for deploying deep learning models in low-resource environ-
ments where handcrafted architectures may be suboptimal.

One of the core challenges in NAS lies in the intractable
size of the search space. For a network with N layers and
kernel size K, there can be up to NX possible architectural
combinations, making exhaustive search computationally
infeasible. To address this, a wide range of strategies based
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on reinforcement learning (RL), evolutionary algorithms,
and gradient based optimization have been proposed to
traverse this space effectively.

Early contributions by Baker et al. and Zoph et al.
[5, 95] leveraged RL to generate network architectures for
image classification. Later, Real et al. [S9] demonstrated that
evolution-based approaches not only achieve competitive
accuracy but also tend to produce more compact models.
These methods have since been extended to tasks beyond
classification, including semantic segmentation [44, 53]. As
summarized by Elsken et al. [17], NAS methods can be
systematically categorized into three components: search
space, search strategy, and evaluation strategy as shown in
fig. 5.

architecture

SES
Search Space /\ Evaluation
s }—» Search Strategy Strategy
Estimate
performance

of §

Figure 5: Core components of a NAS pipeline. A model is
selected from a defined search space, guided by a search
strategy, and validated through an evaluation mechanism.
Adapted from Liang et al. [40].

Search Space: The search space defines the possible
building blocks and configurations from which architectures
are assembled. It may include parameters such as the num-
ber and type of layers, kernel sizes, skip connections, and
activation functions. Most NAS frameworks adopt a cell-
based design, where modular units are repeatedly stacked to
form deep networks. Zoph et al. [96], Real et al. [59], and
Chen et al. [10] explored fixed cell structures, while later
works such as Saikia et al. [64] and Cui et al. [14] proposed
dynamic and heterogeneous cell formations. Fang et al. [19]
emphasized exploration of the global search space to relax
structural constraints and enhance design diversity.

Search Strategy: This component determines how the
search space is explored to identify high-performing ar-
chitectures. RL-based approaches [95], while effective, are
computationally expensive requiring thousands of GPU days
in early implementations. To mitigate this, differentiable
methods like DARTS [44] reformulated architecture search
as a continuous optimization problem solvable via gradient
descent. Other strategies include single-path sampling [7],
meta-heuristics [10, 31], and surrogate models that estimate
performance to accelerate search.

Evaluation Strategy: The evaluation strategy governs
how candidate architectures are assessed during the search.
Full training of each candidate is computationally pro-
hibitive, prompting the development of proxy metrics and
weight-sharing methods. Pham et al. [56] introduced one-
shot NAS with shared parameters to accelerate evaluation,
while Baker et al. [5] and Zheng et al. [93] proposed learning
curve and performance prediction techniques.

5. Lightweight Classification Models

This section provides a comprehensive overview of
state-of-the-art models for LDL classification. Most LDL
approaches leverage CNNs as backbone architectures, as
summarized in table 4.

5.1. SqueezeNet

SqueezeNet [83] is a DL framework specifically devel-
oped to enable efficient neural network inference on devices
with limited resources, such as mobile phones or embedded
systems. The architecture includes a combination of 1x1 and
3%3 convolutions. The primary use of 1x1 convolutions is to
increase the number of channels, enhancing the potential to
capture intricate patterns through learning. The use of 3 X 3
convolutions facilitates the acquisition of spatial information
and contributes to the acquisition of hierarchical character-
istics. Some 3 X 3 convolutional operations are replaced
with low-complexity 1 X 1 convolution operations. However,
there are limitations in SqueezeNet which overcome by
ResNet [77], introduced a modified version of SequeezeNet
incorporated residual connections. This adaptation resulted
in improved accuracy compared with the original vanilla
model. Gschwend et al. [3] presented a modified iteration of
SqueezeNet and deployed it on an FPGA in their research.
The SqueezeNet model exhibits considerable promise for
enhancing the hardware efficiency of neural network archi-
tectures , as shown in fig.6
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Figure 6: Structure diagram of SqueezeNet. Left: SqueezeNet;
Middle: SqueezeNet with simple bypass; Right: SqueezeNet
with complex bypass [57].
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Table 4
Details of LDL image classification models and their datasets.
Model Parameters (M) | Accuracy (%) | Year Dataset
SqueezeNet [57] 1.24 60.4 2016
MobileNet [24] 4.2 70.6 2017
MobileNetV2 [65] 34 72.0 2018
MobileNetV2-Large [65] 6.9 747 2018
ShuffleNet [36] 34 715 2018
ShuffleNetV2 [49] 23 69.4 2018
MnasNet [74] 3.9 75.2 2018
MobileNetV3-Small [28] 25 67.4 2019 imageNet
MobileNetV3-Large [28] 54 75.2 2019 &
EfficientNet-BO [74] 53 771 2019
GhostNet [25] 5.2 73.9 2020
MobileViT [51] 5.6 78.4 2021
EfficientFormer [37] 12.3 79.2 2022
EdgeFormer [20] 4.6 77.5 2022
TinyFormer [84] 6.1 80.1 2023
CT-IMFEN [92] 338 76.7 2024
LYT-NET [6] 29 - 2025 LOL, SID, ExDark

5.2. MobileNets

In 2017, mobilenet [24] was explicitly designed to de-
ploy mobile and embedded devices with limited compu-
tational resources efficiently. It moved away from an ap-
proach that diverged from traditional techniques such as
model reduction. The network utilizes a depthwise separable
convolution, which involves the decomposition of a tradi-
tional convolution into two distinct operations: depthwise
and pointwise convolution using a 1 X 1 kernel. In conven-
tional convolution, kernels are collectively applied to all the
input channels, resulting in a single combined output. The
MobileNet architecture comprises 28 convolutional layers,
each sequentially accompanied by batch normalization and
the ReLU activation function. Furthermore, the authors sug-
gested the integration of two hyperparameters, precisely the
width and resolution multipliers, to optimize the computa-
tional efficiency and reduce the model dimensions. A width
multiplier is employed to uniformly modify the width of
the network by decreasing the number of input and output
channels.

5.3. ShuffleNet

In the following year, the ShuffleNet algorithm [86] was
developed to reduce computational complexity and mem-
ory usage through the implementation of channel shuffling
and group convolutions. Channel shuffling facilitates in-
formation exchange between different groups of channels,
enabling efficient communication and reducing the number
of parameters specifically designed for mobile devices. The
primary components of the ShuffleNet architecture include
a conventional convolutional layer, followed by a sequence
of ShuffleNet units arranged into three separate stages. The
ShuffleNet unit resembles the ResNet block owing to its
incorporation of a depthwise convolution in the 3 X 3 layer

while replacing the 1 X 1 layer with a pointwise group
convolution. ShuffiNnet refers to channel shuffling without
any corresponding enhancement in the inference speed of
the model as shown in fig. 7.
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Figure 7: Two stacked group convolutions for channel shuf-
fling. a)Two stacked convolution layers with the same number
of groups. Each output channel only relates to the input
channels within the group. No cross talk; b) input and output
channels are fully related when GConv2 (group convolution)
takes data from different groups after GConvl; c) an equivalent
implementation to b) using channel shuffle [39].

5.4. MobileNetv2

Sandler et al. introduced an improved version of Mo-
bilnetvl [24] aimed to optimize accuracy while ensuring
efficiency for devices with limited resources such as mo-
bile devices.. MobileNetv2 [65] using the main concepts of
MobilNetv1 such as depth-wise separable convolutions and
model parameter reduction. The MobileNetv2 architecture
introduces a novel module called the inverted residual
with a linear bottleneck, as shown in fig. 8. which aims
to decrease the computational requirements and enhance
accuracy. This module uses a technique to enhance low-
dimensional representations of the input by transforming
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them into higher dimensions. This was achieved by applying
a depthwise convolution filter and projecting the results on
the original lower dimensions. This methodology deviated
from a traditional residual block, typically involving com-
pression, convolution, and expansion operations. The uti-
lized MobileNetv2 as a feature extractor for object detection,
employing a computationally efficient variant of SSD [46].

(a) Residual Block

(b) Inverted Residual Block

Figure 8: Difference between residual and inverted residual
block. The main difference between them is residual blocks are
connects with layers with higher no. of channels, whereas the
inverted residual blocks connects the bottlenecks [65].

5.5. ShuffleNetv2

ShuffleNetv2 [49] has been recognized for its excep-
tional performance in terms of speed, accuracy, and the
development of efficient network architectures.

The input was divided into two segments using a channel
split layer. These segments were processed using three con-
volutional layers. The outputs generated by these layers were
merged with the residual connection and subsequently pro-
cessed through a channel shuffle layer. The downsampling
model demonstrated the absence of a channel split. Simul-
taneously, incorporating depthwise separable convolution
layers was evident through utilizing the residual connection,
as shown in fig. 9.
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Figure 9: Difference between ShuffleNetvl and Shufflev2.(a):
the basic ShuffleNet unit; (b) the ShuffleNet unit for spatial
down sampling (2x); (c) Basic unit; (d) our unit for spa-
tial down sampling (2x). DWConv: depthwise convolution.
GConv: group convolution [49].

5.6. MobileNetv3
In 2019 MobileNetv3 [28] was introduced with its two
versions MobileNetv3-Large and MobileNetv3-Small. The

1x1CONV.

BN ReLU

essential contribution of Howard et al. to MobileNetv3 was
the use of NAS. NAS is popular for automatically discov-
ering optimal network architectures. This approach includes
training and evaluating many candidate architectures to iden-
tify the best trade-off between accuracy and efficiency.

MobileNetv3 has undergone further modifications to
eliminate specific expensive layers within its architecture, re-
sulting in additional improvements in latency. The utilization
of this methodology reduced the computational processes.
MobileNetv3 combines ReLU and hard-swish activation
functions as filters, with the latter predominantly utilized in
the later stages of the model.

5.7. MnasNet

MnasNet is a neural network architecture inspired by an
automated NAS approach [74]. The main objective of Mnas-
Net is to design an efficient and high-performance model
that can rapidly deploy resource-constrained devices while
maintaining high accuracy. The search space is decomposed
by dividing the CNN into separate blocks. This enables
the independent exploration of operations and connections
within each block, thus reducing the overall search space.
Furthermore, this feature facilitated the creation of unique
designs for each block. This contrasts with previous models
[95, 42, 59] that utilized identical stacked blocks. However,
similar to other NAS models that rely on reinforcement
learning, the search for architectures in MnasNet requires
extensive computational resources, as shown in fig. 10.

Mobile Phones
Trainer

Sample models
from search space

Controller

‘ reward ~

[

ive reward |

Figure 10: Overivew of platfor aware NAS for Mobile [74].

5.8. EfficientNet-BO

In 2019, EfficientNet-BO [75] (baseline) was introduced
as the smallest and lightest version among other versions of
EfficientNet. The EfficientNet-BO0 architecture was designed
to balance high efficiency and accuracy. This renders it
suitable for devices with limited resources. A combination
of depth, width, and resolution scaling techniques were used,
as outlined in the EfficientNet research paper. Moreover,
the EfficientNet-BO model exhibits a slightly larger size,
primarily attributed to its larger target of FLOPS, which
was set at 400 million. This distinguishes it from the other
versions of the EfficientNet model.

5.9. GhostNet
K. Han et al. [25] introduced a new model, GhostNet.
The architecture aimed to optimize computational efficiency
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while increasing model accuracy by incorporating a novel
component known as the Ghost Module. This module em-
ployed a novel technique known as "ghost convolution,"
which is a cost-effective operation that requires fewer com-
putational resources than conventional convolutions. The
Ghost module aims to enhance the generation of feature
maps by utilizing cost-effective operations. The purpose of
this module is to provide a flexible and customize component
that can be used to improve existing CNN. Ghost bottle-
necks are specifically engineered to facilitate the stacking
of Ghost modules, enabling the seamless establishment of a
lightweight GhostNet.

5.10. MobileViT

MobileViT [51] is a lightweight vision transformer ar-
chitecture designed for mobile and embedded applications.
It combines the strengths of CNN’s in modeling local spatial
dependencies with the capability of ViTs to capture long-
range global relationships. The architecture employs an in-
verted residual block for initial feature extraction, followed
by MobileViT blocks that replace certain convolutional lay-
ers. Each MobileViT block flattens local feature maps into
sequences, applies a transformer encoder for global con-
text modeling, and reshapes the output back to the spatial
domain. This hybrid design significantly reduces compu-
tational cost while retaining the representational power of
larger ViTs. While efficient on mobile hardware, MobileViT
performance drops compared to heavier transformer models
on complex datasets.

5.11. EfficientFormer

EfficientFormer [37] is a hardware-friendly vision trans-
former designed to achieve MobileNet-level latency while
retaining the accuracy advantages of transformer-based ar-
chitectures. The design adopts a stage-wise hybrid archi-
tecture, beginning with convolutional layers for local fea-
ture extraction, followed by multi-head self-attention layers
for capturing global dependencies. It leverages dynamic
token reduction, merging less informative tokens as depth
increases, thereby reducing quadratic complexity. The ar-
chitecture is optimized using latency-aware NAS to ensure
deployment efficiency. Despite its speed advantages, Ef-
ficientFormer sacrifices some accuracy compared to full-
scale ViTs on fine-grained classification tasks. Moreover, the
token merging mechanism may inadvertently discard subtle
but important features in dense object scenes.

5.12. EdgeFormer

EdgeFormer [20] is a lightweight vision transformer
tailored for edge computing environments. It aims to bal-
ance accuracy and computational efficiency for on-device
vision tasks. The architecture incorporates efficient attention
mechanisms such as linear attention and low-rank factoriza-
tion to reduce complexity from O(n?) to O(n). A pyramid
feature hierarchy is employed, enabling multi-scale context
aggregation, which is crucial for tasks like object detection
and segmentation on edge devices. EdgeFormer lightweight
design can result in reduced representation capacity for

very large-scale datasets. The linearized attention mecha-
nism may also lose fidelity when modeling complex spatial
relationships compared to full self-attention.

5.13. TinyFormer

TinyFormer [84] is an efficient transformer architecture
developed for deployment on highly resource-constrained
devices. It adopts a compact transformer backbone with
aggressive parameter reduction through depthwise separable
convolutions and shared projection layers. A reduced token
size and simplified multi-head attention enable real-time
inference while maintaining competitive accuracy on small-
to medium-scale datasets like CIFAR-100 and ImageNet-
1K. Although optimized for size and speed, TinyFormer un-
derperforms on high-resolution datasets and complex tasks
requiring large receptive fields. The aggressive compression
may lead to loss of fine-grained feature details.

5.14. LT-IFEN

Lightweight Transformer Image Feature Extraction Net-
work (LT-IFEN) [92] is a lightweight transformer-based
model designed for efficient image feature extraction in
edge computing and low-power applications. The model
integrates convolutional layers for early-stage feature en-
coding with a transformer module for capturing non-local
dependencies. Its streamlined design emphasizes reduced
parameter count and memory footprint, making it suitable
for embedded systems. The use of lightweight attention
blocks ensures low-latency inference without compromising
essential feature richness. LT-IFEN may face difficulties in
learning highly abstract features when applied to large-scale,
diverse datasets. Furthermore, its reduced depth limits its
capacity for multi-level semantic reasoning.

5.15. LYT-NET

LYT-NET [6] is a transformer-based architecture spe-
cialized for low-light image enhancement, particularly in the
YUV color space. It is tailored to address the challenges
posed by noise, color distortion, and reduced contrast in
poorly illuminated environments. The network processes
the luminance and chrominance components separately, en-
abling targeted enhancement of brightness and color fidelity.
A transformer backbone models long-range dependencies,
while lightweight convolutional layers refine local details.
The design facilitates effective enhancement with minimal
computational cost, making it suitable for real-time mobile
deployment. While highly effective in low-light scenarios,
LYT-NET is less suitable for tasks requiring robust perfor-
mance in varied lighting conditions. It also relies on paired
low-light and normal-light datasets for supervised training,
which may limit its applicability in certain domains.

6. Lightweight Object-Detection Models

Lightweight object detection models are designed to
enhance efficiency by reducing model size, computational
complexity, and memory consumption, as detailed in table
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Table 5
Details of LDL object detection models used dataset.

Models Year | Parameters | Accuracy Dataset
Light-Head RCNN [70] | 2017 - 75.1% PASCAL VOC
Tiny-YOLO [60] 2018 15.12 M 57.1% PASCAL VOC
Tiny-55D [82] 2018 | 113 M 61.3% | PASCAL VOC
o PASCAL VOC

Pelee [79] 2018 5.98 M 70.9% coco
ThunderNet [58] 2019 - 75.1% PASCAL VOC

EfficientDet [76] 2020 8.1M 43.0% COCO
LWUAVDet-S [52] 2024 52 M 46.7% VisDrone2021

5. These models are particularly well-suited for real-time ap-
plications where resource constraints are critical. Common
use cases include mobile applications, robotics, surveillance
systems, and Internet of Things (IoT) devices, where fast and
efficient object detection is essential.

6.1. Light-Head RCNN

The Light-Head RCNN [70] is a two-stage detection
model developed with efficient design while maintaining
accuracy. The primary goal is to reduce the overall weight
of the network head by using a thin feature map and a cost-
efficient R-CNN subnet, which comprises pooling and a
solitary, fully connected layer. The object detector based on
ResNet-101 and a light-head R-CNN has demonstrated supe-
rior performance compared to existing state-of-the-art object
detectors on the COCO dataset, maintaining an efficient pro-
cessing time. Furthermore, a significant aspect to consider
is the substitution of the backbone with a smaller network,
such as Xception. The Light-Head R-CNN model performs
better than fast single-stage detectors such as SSD [46] and
YOLOV2 [61] while exhibiting faster computational speed.
The architecture of Light-Head RCNN is shown in fig. 11.

Light Head RCNN

R-CNN subnet

2048 channels in 490 Channels.

Resnet-101 incoco

Figure 11: Model constructs feature maps with reduced
dimensions before region of interest (Rol) warping by utiliz-
ing large separable convolutions. In our R-CNN subnet, we
incorporate a solitary fully-connected layer that comprises 2048
channels [70].

6.2. Tiny-YOLO

Tiny-YOLO was first introduced in 2017 by Redmon et
al. [60]. This is an object detection CNN-based architecture.
Tiny-YOLO is approximately 422% faster than YOLO and
achieves upwards of 244 FPS on a single GPU. The Fast
YOLO, a light variant of the YOLO algorithm, achieves
a processing rate of 155 FPS. Remarkably, it surpassed
other real-time detectors in terms of mAP by a significant
margin of two. Finally, the YOLO algorithm incorporates
comprehensive representations of various entities.

6.3. Tiny-SSD

Tiny-SSD, described in [82], is a deep CNN explic-
itly designed for real-time embedded object detection. The
system comprises a heterogeneous fire subnetwork stack
and a heterogeneous sub-network stack comprising auxiliary
convolutional feature layers based on SSD. The components
mentioned above have been extensively optimized to effec-
tively minimize the overall size of the model while ensuring
that the object detection performance remains uncompro-
mised. The developed Tiny SSD model exhibited a model
size of 2.3MB, representing a reduction of approximately
26 times compared with the Tiny YOLO model. Moreover,
despite its smaller dimensions, the Tiny SSD model demon-
strates amAP of 61.3% on the VOC 2007 dataset, surpassing
the performance of the Tiny YOLO model by approximately
4.2%.

6.4. Pelee

Several efficient architectures, such as MobileNet, Shuf-
fleNet, and MobileNetV2, have recently been proposed.
Nevertheless, the efficacy of these models is mainly contin-
gent on the utilization of depthwise separable convolution,
a technique that is not optimally implemented in most DL
frameworks. PeleeNet [79] was specifically developed to
meet the requirements of real-time object detection tasks, fo-
cusing on achieving high accuracy while maintaining com-
putational efficiency. It demonstrates a model size that is
only 66% of the magnitude observed in MobileNet. The
proposed method incorporates PeleeNet into a single-shot
MultiBox Detector (SSD). This approach, focusing on opti-
mizing the system architecture to improve its speed capabil-
ities. The detection system developed by Pelee exhibited an
mAP of 76.4% on the PASCAL VOC2007 dataset and 22.4
mAP on the MS COCO dataset.

6.5. ThunderNet

The task of real-time generic object detection on mobile
platforms is a crucial and intricate computer vision task. It
was previously observed that lightweight CNN-based detec-
tors employed a one-stage pipeline. ThunderNet [58] utilizes
the MobileNetV3 backbone, a feature extraction network
known for its lightweight and efficient characteristics. It
utilizes a multi-path architecture to integrate features ob-
tained at various scales and resolutions. This facilitates the
acquisition of objects with diverse dimensions and preserves
the spatial data. ThunderNet performs better than previous
lightweight one-stage detectors on widely recognized bench-
marks such as PASCAL VOC and COCO. This achieve-
ment was attributed to utilizing a highly efficient backbone
and a well-designed detection component. Moreover, this
was achieved at a significantly reduced computational cost,
amounting to only 40% of the computational resources re-
quired by its counterparts.

6.6. EfficientDet

EfficientDet [76] aims to enhance prevailing object
detection models, including Single Shot Multibox Detector
(SSD) and YOLO (You Only Look Once), by refining
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Table 6
Details of LDL Segmentation Models and their Datasets.
Model Parameters | Top Accuracy | Year Dataset
ENet [55] 037 M 58.3% 2016 | Cityscapes, CamVid
ERFNet [62] - 68.0% 2017 Cityscapes
DSNet [80] 0.9 M 71.8% 2018 Cityscapes
CCC3 [54] 0.198 M 61.96% 2018 Cityscapes
SkipNet-MobileNet [71] - 61.5% 2018 Cityscapes
SkipNet-ShuffleNet [71] - 58.3% 2018 Cityscapes
LiteSeg [18] 20.55 M 67.81% 2019 Cityscapes
LAANet [90] 0.67 M 73.6% 2022 Cityscapes
LCNet3 11 [69] 0.74 M 75.8% 2024 Cityscapes

their architecture and scaling strategies. The methodology
proposed by the authors involves implementing a compound
scaling technique that ensures consistent scaling of the
depth, width, and resolution of both the backbone and
feature networks. EfficientDet introduced a novel feature
fusion mechanism known as BiFPN. The model effectively
integrates features from multiple layers and scales to process
objects of diverse sizes efficiently. The detection head of
EfficientDet was optimized to enhance detection accuracy
while minimizing parameter usage. Further, it encompasses
a range of model variants, denoted as EfficientDet-DO to
EfficientDet-D7, which exhibit depth and width variations.
The minor variants (DO, D1, and D2) exhibited greater
computational efficiency, whereas the significant variants
(D3 to D7) provided enhanced accuracy, albeit with a
concomitant increase in computational complexity. This was
accomplished using a relatively small model size of 52
million parameters and a computational cost of 325 billion
FLOPs.

6.7. LWUAVDET-S

LWUAVDET-S is a lightweight UAV object detection
model designed for real-time performance on edge devices
with limited computational power. Similar to ThunderNet,
which integrates the MobileNetV3 backbone for efficient
feature extraction, LWUAVDET-S incorporates a stream-
lined CNN-based architecture optimized for aerial imagery.
It leverages a multi-path feature fusion module to enhance
detection across various object scales, a key requirement
for UAV scenarios where small object detection is critical.
LWUAVDET-S balances detection accuracy with reduced
computational demands, making it highly suitable for de-
ployment on UAV platforms. Drawing from prior advances
in lightweight detectors like ThunderNet, which operated
at 24.1 FPS on ARM processors while maintaining a low
resource footprint, LWUAVDET-S furthers this efficiency
trend and delivers robust object detection in aerial environ-
ments [52].

7. Lightweight Segmentation Models

Lightweight segmentation models are a specialized sub-
set of image segmentation techniques designed to operate
effectively under constraints of memory and computational
resources, making them particularly suited for real-time
applications. Most lightweight segmentation models adopt
encoder-decoder architectures, where the encoder extracts
high-level features and the decoder reconstructs the segmen-
tation maps. table 6 shows a detailed summary of these ar-
chitectures. While popular lightweight segmentation models
are dicuss below.

7.1. Enet

The Efficient Neural Network (Enet) [55] is a compelling
architecture that was carefully developed to minimize mem-
ory consumption and computational complexity, as shown
in fig. 12. This is a breakthrough DNN architecture for
performing real-time semantic segmentation for a resource-
constrained device. It was designed for low-latency opera-
tions. Compared to other lightweight models. Enet achieve
speeds up to 18 times faster, 75 times fewer FLOPs and
79 times fewer parameters, and comparable or superior
accuracy. Enet was trained and validated using CamVid,
Cityscapes, and SUN datasets. It combines skip connections,
max-pooling, and conventional convolution for feature ex-
traction.
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Figure 12: (a) ENet initial block (b) ENet bottleneck module.
[55].
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7.2. ERFNet

The ERFNet [62] architecture is a highly advanced
model that can execute real-time operations while achieving
accurate semantic segmentation. The architectural structure
was constructed sequentially by stacking layers, informed by
our innovative redesign of the residual layer.

Residual layers were first introduced in [66] and have
since been extensively incorporated into various state-of-
the-art architectures. The two designs proposed by the au-
thors in [66] are bottleneck and non-bottleneck designs.
Both approaches share similarities; however, a bottleneck
variant is frequently employed to enhance efficiency, as
exemplified by ENet. This variant achieves efficiency by
internally reducing the number of computed feature maps,
thereby reducing the overall computational burden. How-
ever, the absence of a bottleneck design can benefit shallow
versions of ResNet, such as our architecture. This is because
they have an increased internal "width" regarding feature
dimensions compared with the bottleneck version. While
dense-prediction tasks such as semantic segmentation may
experience reduced efficiency, they can still benefit signifi-
cantly from incorporating additional width.

7.3. DSNet

A novel lightweight semantic architecture, driving seg-
mentation network (DSNet), was introduced for real-time
diving scenes [80]. The DSNet architecture provides accu-
rate results for low latency performance because it is efficient
and powerful. Additionally, the authors introduced a novel
loss function known as Object Weighted Focal Loss. The
objective of the DSNet design was to maximize capacity
while maintaining a limited level of model complexity. The
DSNet model has 9M parameters and achieves a mean loU
of 71.8% and 69.3% on the Cityscapes validation and test
sets, respectively. The experimental results demonstrate that
DSNet achieved a 2.7% improvement in performance on
minor and complex objects compared with the fast-and-
accurate ERFNet model while maintaining a similar level
of accuracy. A diagram of the proposed DSNet is shown
in fig. 13. Spatial resolution values, such as 1024 x 2048,
provided as an example input, demonstrate that the network
can process images of varying sizes.

] =

PREDICTION

Figure 13: Proposed architecture of DSNet [30].

74. CCC3
A novel block, referred to as Concentrated-Comprehensive

Convolution (C3) [54], was proposed to decrease the com-
plexity of segmentation models while maintaining their
original accuracy. This block incorporated asymmetric con-
volutions before depth-wise separable dilated convolution
to reduce the information loss resulting from the dilated
convolution. Applying C3 to ESPNet yielded a performance
enhancement of approximately 2%. Furthermore, it exhib-
ited a 50% reduction in the number of parameters and a
35% decrease in the number of FLOPs compared with the
initial ESPNet architecture. An improved lightweight model
utilizing the proposed C3 block can be developed based on
ESPNet. However, it was demonstrated that the proposed
C3 block can restore this feature activation, similar to the
original model. This was confirmed by using Grad-CAM
heatmap [66]. The proposed structure of the C3 module is
shown in fig. 14.

Regular Concentration Stage
R

RC3

Comprehensive Convolution Stage

a3

\

Factorized Concentration Stage

Figure 14: Structure of C3 block with regular depth-wise
convolution (RC3) and Structure of C3 by factorizing concen-
tration stage (C3) [54].

7.5. RTSEG

The segmentation architecture can be modularly decou-
pled into two components: feature extraction and decoding
method, as discussed in a real-time semantic segmentation
comparative study (RTSEG) [71]. This module decoupling
is referred to as meta-architecture, as illustrated in fig. 15.
The proposed system comprises multiple meta-architectures
for segmentation that establish a methodology for decoding.
As mentioned above, the network architecture encompasses
SkipNet, UNet, and Dilation Frontend. Implementing a mod-
ular design facilitates the emergence of innovative architec-
tures, resulting in a significant reduction of 143 times in
GFLOPs compared to SegNet. A comprehensive ablation
study that examines the relationship between accuracy and
computational efficiency, which enabled the development
of two innovative segmentation architectures utilized: Mo-
bileNet [24], and ShuffleNet [86] and incorporated multiple
decoding methods.

7.6. LiteSeg

To enhance the efficiency and efficacy of semantic image
segmentation, a novel lightweight architecture, LiteSeg, was
developed [18]. This study introduces an enhanced iteration
of the Atrous Spatial Pyramid Pooling (ASPP) module, in-
corporating depthwise separable convolution with short and
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UNet SkipNet Dilation Frontend
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Figure 15: Overview architecture of the various components
within the framework of RTSEG, specifically focusing on the
decoupling of the feature extraction module and the decoding
method [71].

long residual connections. The encoder-decoder architecture
was combined with depthwise separable convolution and
dilated convolution. LiteSeg has a unique design that can
be adapted for any backbone network, as shown in fig. 16.
The LiteSeg architecture has been introduced and evaluated
on multiple backbone networks, such as ShuffleNet, Mo-
bileNet, and Darknet19, to provide various options regarding
computational cost and accuracy trade-offs. The proposed
LiteSeg model achieved a mean IoU accuracy of 70.75%,
67.81%, and 65.17% when utilizing Darknet, MobileNetV2,
and ShuffleNet as backbone networks, respectively. This
accuracy was achieved at a frame rate of 161 FPS and a
resolution of 640 x 360 on the Cityscapes dataset.
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Figure 16: LiteSeg figure showing the encoder module,
DASPP module, backbone network, and decoder module. An
input picture is fed into the encoder module, which outputs a
high-dimensional feature vector. The decoder module recovers
this feature vector spatial information [18].

Decoder

7.7. LAANet

LAANet [90] was introduced with two components
encoder and decoder. An efficient asymmetric bottleneck
(EAB) module was designed within the encoder. The EAB
module comprises two branches: One utilizes a depth-
wise asymmetric convolution to capture local informa-
tion. By contrast, the other branch employs depth-wise
dilated convolution to capture contextual information. The
incorporation of the attention mechanism is observed in
an enhanced version of the ASPP module, known as the
attention-guided dilated pyramid pooling (ADPP) module.
This module facilitated the selection of relevant features
during the integration of multi-scale contextual information.

Segmentation objects of different sizes can be effectively
addressed by incorporating context information from the
ADPP module. The proposed ADPP module improves the
precision of the segmentation of smaller targets. The ADPP
module is one of the two attention-guided modules created
for the decoder. The second module is an attention-guided
feature fusion upsampling (AFFU) module. This module
effectively combines features at various levels during up-
sampling, using the suggested improved channel attention
(ICA) and improved spatial attention (ISA) modules.

7.8. LCNET

LCNet is a lightweight CNN tailored for semantic seg-
mentation tasks on resource-constrained devices. The net-
work is optimized for scenarios requiring efficient and accu-
rate segmentation, such as UAV imagery analysis or edge-
based video understanding. LCNet introduces a compact
encoder-decoder architecture that leverages lightweight con-
volutional blocks to reduce the number of parameters and
computational overhead while preserving fine-grained spa-
tial information crucial for segmentation. Moreover, LCNet
integrates an efficient context aggregation module to en-
hance feature representations and improve boundary delin-
eation. As demonstrated in [69], LCNet achieves a favorable
trade-off between segmentation accuracy and processing
efficiency, making it particularly well-suited for real-time
applications on embedded platforms where power and mem-
ory limitations are critical.

8. Applications of LDL Models

LDL models are specifically engineered to address the
challenges of deploying Al solutions on embedded, resource-
constrained edge and mobile devices. These models are
optimized to operate under stringent computational power,
memory capacity, and energy consumption limitations, mak-
ing them ideal for real-time and on-device applications.

8.0.1. Edge Devices

Edge devices are typically small, low-power devices
deployed in environments where cloud-based processing
may be infeasible due to latency, privacy, or connectivity
constraints. Such devices include smartphones, IoT systems,
embedded sensors, and autonomous platforms. Below are
key applications where lightweight models have been effec-
tively deployed on edge devices:

¢ Real-time Object Detection: Edge devices equipped
with cameras use LDL models to detect and classify
objects in real time, which is critical for applications
such as security surveillance, industrial automation,
and autonomous navigation.

e Anomaly Detection: LDL models enable on-device
monitoring of sensor streams in industrial IoT (IIoT)
systems, allowing for early detection of equipment
malfunctions, security breaches, or abnormal system
behaviors without the need for continuous cloud com-
munication.
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8.0.2. Mobile Devices

LDL models are well-suited for on-device inference,
minimizing the dependency on cloud infrastructure while
enabling low-latency processing and improved data privacy.
Some prevalent applications of lightweight models on mo-
bile devices include:

e Image and Video Processing: Lightweight models
support a range of applications, including augmented
reality (AR) overlays, interactive camera filters, and
video enhancement, all processed directly on mobile
devices to ensure real-time performance.

e Speech Recognition and NLP: Mobile devices
leverage LDL models for tasks such as speech-to-
text conversion, voice assistant functionalities, and
real-time language translation. These models allow
users to perform voice-based interactions and natural
language tasks without requiring persistent internet
connectivity.

9. Experimental Analysis

This section presents a comprehensive experimental
evaluation of recent LDL models, with a particular focus
on their performance on resource-constrained edge devices.
The objective of this study is to systematically examine
the trade-offs between model accuracy and inference speed,
which are critical factors for the deployment of real-time
Al applications in environments with limited computational
resources. The experimental analysis was conducted us-
ing the NVIDIA Jetson Orin NX 16GB platform, which
represents the latest generation of edge computing devices
specifically designed to support Al workloads in embedded
and mobile systems. The hardware configuration consists
of a reComputer J401 carrier board, equipped with 128GB
NVMe solid-state storage, an integrated aluminum heatsink
and fan for thermal management, and a 12V/5A power
adapter to ensure stable power delivery. The Jetson Orin
NX is particularly well-suited for real-time Al tasks and
is deployable on UAV platforms such as the Holybro X500
drone, making it an ideal testbed for LDL models. To eval-
uate the performance of lightweight models, several state-
of-the-art architectures were selected, including YOLOvV8
(small), YOLOv11 (small), VL2Lite, and MobileSAM. The
experimental results are summarized in table 7, which
reports the accuracy and inference time of each model
for the respective tasks. The findings demonstrate notable
variations in both accuracy and computational efficiency
across different models and tasks.

10. Future Trends

Building on the comprehensive discussions presented
in the preceding sections covering LDL models for image
classification, object detection, and segmentation, as well as

associated model compression techniques, this section de-
lineates prospective directions aimed at enhancing the prac-
tical deployment of LDL models in real-world, resource-
constrained environments.

10.1. Lightweight Transformer-Based Models

Transformer-based architectures, although dominant in
natural language processing and increasingly prominent in
computer vision, are computationally intensive due to their
reliance on self-attention mechanisms and large token em-
beddings. Recent efforts such as MobileViT [51], Edge-
Former [20], and EfficientFormer [37] have introduced hy-
brid CNN-Transformer models and hierarchical token reduc-
tion strategies to reduce parameter count and inference la-
tency. MobileViT integrates convolutional layers with vision
transformers to preserve locality and reduce computation,
while EfficientFormer employs early-stage token downsam-
pling to minimize complexity of self-attention. Despite these
advances, most lightweight transformers still lag behind
CNNs in deployment readiness, particularly in terms of
quantization robustness and interpretability. A major lim-
itation lies in the sensitivity of transformer-based models
to aggressive quantization and pruning, which often sig-
nificantly degrade performance more than in CNN-based
architectures.

10.2. Model Compression Techniques

Although model compression methods such as struc-
tured pruning [36], quantization [85], and knowledge dis-
tillation [21] have achieved considerable success, they still
face substantial limitations in edge deployment. Structured
pruning often leads to unbalanced channel distribution
and sparse memory access patterns that are inefficient on
general-purpose hardware. Quantization techniques degrade
rapidly under ultra-low bit widths (e.g., INT4 or binary),
especially for models with sensitive attention components.
Furthermore, most distillation approaches assume availabil-
ity of full teacher models and datasets, which is impractical
in privacy-sensitive or bandwidth-limited environments.
Future research should emphasize on energy-aware pruning
guided by gradient flow and attention maps, layer-wise
mixed-precision quantization adapted to activation distribu-
tions, and task-aware distillation frameworks that preserve
functional alignment between student and teacher networks
without relying on full model access.

11. Conclusion

Lightweight deep learning (LDL) models have demon-
strated outstanding performance with continued increase
in their applications in the real world, particularly when
deploying models on edge devices, resource-constrained
devices, and embedded systems. LDL models are a sig-
nificant area of study that addresses resource-intensive
challenges associated with deep neural networks (DNNs).
This study reviewed the most recent literature on LDL
models and provides a comprehensive overview of the
metrics and datasets, convolutional neural network (CNN)
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Table 7

Accuracy and Inference Time (ms) of Lightweight Models on Jetson Orin NX

Device Model Task (Dataset)

Accuracy (%) Inference Time (ms)

YOLOV8 (small)
YOLOv11 (small)
VL2Lite
YOLOVS8 (small)
YOLOv11 (small)
MobileSAM
YOLOV8 (small)
YOLOv11 (small)
MobileSAM

Jetson Orin NX

Image Classification (ImageNet)
Image Classification (ImageNet)
Image Classification (ImageNet)
Object Detection (VisDrone)
Object Detection (VisDrone)
Object Detection (VisDrone)
Segmentation (COCO)
Segmentation (COCO)
Segmentation (COCO)

65.4 24.1
69.8 26.4
82.41 35.6
55.1 47.8
62.9 34.96
49.6 55.25
36.7 96.8
44.7 155.2
325 168.1

architectures, lightweight model compression techniques,
lightweight classification, object detection, segmentation
models with model compression techniques, and back-
bone architectures of lightweight models. Furthermore, the
datasets will be discussed by comparing them with the latest
YOLOVS models in the same category. Finally, the model
tested a benchmark dataset on the Orin Jetson edge device,
which was used to evaluate and test the results of lightweight
models.
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