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Abstract
The deployment of deep convolutional neural networks on mobile phones,
embedded boards, and other resource-constrained platforms is increasingly
limited not by classification accuracy alone but by the joint budget of
inference latency, memory footprint, model size, and computational cost
measured in floating-point operations (FLOPs). This paper investigates how
five widely adopted lightweight architecture families — MobileNet (V1–V3),
ShuffleNet (V1–V2), SqueezeNet, EfficientNet (including EfficientNetV2),
and the YOLO-nano/-tiny family of real-time object detectors — negotiate the
trade-off between predictive performance and computational efficiency for
real-time computer vision. Rather than training new models on new
hardware, this study adopts a literature-synthesis methodology: it
systematically collects, cross-verifies, and normalizes accuracy, inference-time,
model-size, parameter-count, and FLOPs figures that have already been
measured and published by the original authors of each architecture and by
independent comparative benchmarking studies, most notably a 2025 cross-
dataset evaluation of MobileNetV3, ShuffleNetV2, SqueezeNet,
EfficientNetV2, and ResNet18 on CIFAR-10, CIFAR-100, and Tiny
ImageNet. The research is motivated by practical experience building real-
time, camera-based computer-vision applications — including an AI-assisted
exercise-monitoring system based on human pose estimation and a facial
emotion-recognition prototype — in which inference speed on ordinary
consumer hardware was as critical as raw accuracy. The synthesis identifies a
consistent pattern: architectures that minimize parameter count and FLOPs
(SqueezeNet, ShuffleNetV2) achieve the fastest inference and smallest
footprint but suffer disproportionate accuracy degradation on complex, fine-
grained recognition tasks, whereas EfficientNet-family models achieve the
highest accuracy at the cost of larger memory footprints and slower inference,
with MobileNetV3 consistently occupying the most balanced position across
datasets of increasing difficulty. For real-time object detection, YOLO-nano
and YOLO-tiny variants reproduce this same pattern at the detection level,
trading mean average precision for frames-per-second suitable for edge boards
such as the Raspberry Pi and Jetson Nano. The paper contributes a multi-
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dimensional, literature-grounded comparison framework, a research-gap
analysis showing that most prior comparative studies restrict themselves to
one or two efficiency metrics, and practical deployment guidance for
engineers selecting architectures under specific latency, memory, or power
constraints. Because no new experimental hardware measurements were
collected by the authors, all quantitative claims are explicitly traced to their
original published source, and the paper distinguishes clearly between
findings drawn from the literature and the authors' own comparative
synthesis.

1. Introduction
Convolutional neural networks (CNNs) have
become the default tool for visual recognition tasks
ranging from image classification to object
detection and pose estimation. The accuracy gains
associated with deeper and wider networks,
however, have historically come at the cost of
parameter counts in the tens of millions and
computational budgets measured in billions of
floating-point operations (FLOPs) per inference
[34], [35]. Such models are well suited to data-
center or workstation GPUs but are difficult or
impossible to run at interactive frame rates on
smartphones, single-board computers, drones, or
embedded microcontrollers, where memory, power,
and thermal budgets are all tightly constrained.
Lightweight deep learning architectures —
MobileNet [1]–[3], ShuffleNet [6], [7], SqueezeNet
[8], EfficientNet [4], [5], GhostNet [9], and their
derivatives — were designed explicitly to close this
gap by re-engineering the convolutional building
block itself, rather than simply shrinking a large
network. Depthwise-separable convolutions [1],
inverted residual bottlenecks [2], channel shuffling
[6], [7], fire modules [8], and compound scaling [4]
each represent a distinct strategy for reducing
FLOPs and parameters while attempting to
preserve as much discriminative accuracy as
possible. In parallel, the object-detection
community has produced a family of real-time
detectors — the YOLO series and its nano/tiny
variants [11], [12] — that apply analogous efficiency
principles to the more demanding task of
simultaneous localization and classification.
Despite the proliferation of these architectures,
practitioners selecting a model for a specific
resource-constrained deployment are often
confronted with benchmark tables that report

accuracy on one dataset, FLOPs from the original
paper, and latency figures from a third, unrelated
source, with no single study placing all of these
dimensions side by side under comparable
conditions. This paper addresses that gap by
synthesizing accuracy, inference-latency, model-size,
parameter-count, and computational-cost figures
that have already been measured and published —
most importantly by a controlled 2025 comparative
study that evaluated five lightweight and
moderately lightweight architectures under
identical training and testing conditions across
three datasets of increasing classification difficulty
[21] — into a single, multi-dimensional comparison
framework.
The motivation for this research is grounded in the
authors' own practical experience developing real-
time, camera-based computer-vision applications
using Python and OpenCV, including a pose-
estimation-based AI personal-trainer prototype for
exercise-form monitoring and a facial-emotion-
detection prototype. In both projects, inference
speed on ordinary consumer-grade hardware,
rather than raw classification accuracy, was
frequently the binding constraint on whether the
application felt responsive. This experience
motivates the paper's central question: which
lightweight architecture, or family of architectures,
offers the most defensible accuracy–efficiency
balance for a given class of resource-constrained
deployment, and what trade-offs must a
practitioner accept when moving from one
architecture family to another?
The remainder of this paper is organized as follows.
Section 2 provides the background and theoretical
foundation of efficient convolutional design.
Section 3 synthesizes the related literature. Section
4 identifies the specific research gap this paper
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addresses. Sections 5 and 6 present the research
objectives and questions. Section 7 details the
literature-synthesis methodology, followed by
model selection (Section 8), the dataset and
experimental context drawn from the source
literature (Section 9), and the evaluation metrics
used throughout (Section 10). Sections 11–13
present the synthesized results, their analysis, and a
broader discussion. Sections 14 and 15 discuss
practical implications and limitations, and Sections
16–17 conclude with directions for future work.
2. Background and Theoretical Foundation
2.1 The Computational Cost of Standard
Convolution
A standard convolutional layer applied to an input
feature map of size D_F × D_F × M using N
kernels of size D_K × D_K incurs a computational
cost of D_K · D_K · M · N · D_F · D_F multiply-
accumulate operations. Because this cost scales
multiplicatively with the number of input and
output channels, standard convolutions become
the dominant computational bottleneck in deep
networks as width increases. Depthwise-separable
convolution, the building block introduced by
MobileNet [1], factorizes this operation into a
depthwise convolution that filters each input
channel independently and a pointwise (1×1)
convolution that combines the outputs, reducing
computational cost by a factor approximately
proportional to 1/N + 1/D_K². This single
factorization underlies most subsequent lightweight
architecture designs, including MobileNetV2 [2],
MobileNetV3 [3], and, in modified form,
ShuffleNet [6], [7].
2.2 Inverted Residuals, Channel Shuffling, and
Fire Modules
MobileNetV2 introduced the inverted residual
block with linear bottlenecks, in which a low-
dimensional representation is first expanded,
filtered with a lightweight depthwise convolution,
and then projected back to a low-dimensional
space, with residual connections placed between
the thin bottleneck layers rather than the expanded
layers [2]. ShuffleNet addresses the information-
flow bottleneck created by grouped pointwise
convolutions — which reduce FLOPs but block
cross-group information exchange — by inserting a
channel-shuffle operation that permutes channels

between groups so that subsequent layers can draw
on features from every group [6]. ShuffleNetV2
subsequently argued that FLOPs alone are an
unreliable proxy for real-world inference speed,
since memory-access cost and platform-specific
characteristics such as degree of parallelism also
matter, and derived four practical design guidelines
validated by direct, on-device speed measurement
rather than FLOPs alone [7]. SqueezeNet takes a
complementary approach, using 1×1 "squeeze"
convolutions to reduce channel depth before more
expensive 3×3 "expand" convolutions within a Fire
module, achieving AlexNet-level ImageNet accuracy
with roughly fifty times fewer parameters [8].
2.3 Compound Scaling and Neural Architecture
Search
EfficientNet reframed the efficiency problem as
one of principled scaling: rather than arbitrarily
increasing depth, width, or input resolution, Tan
and Le proposed a compound coefficient that
scales all three dimensions jointly according to a
fixed ratio derived from a small grid search, applied
on top of a baseline network discovered via neural
architecture search [4]. EfficientNetV2
subsequently revised the search space and training
pipeline to reduce training time and parameter
count while retaining or improving accuracy [5].
MobileNetV3 similarly incorporates NAS —
specifically platform-aware search combined with
the NetAdapt algorithm — together with a
redesigned final stage, squeeze-and-excitation
modules, and the h-swish activation function [3],
while MnasNet demonstrated that directly
optimizing a multi-objective reward combining
accuracy and measured on-device latency, rather
than FLOPs, yields architectures better matched to
real deployment hardware [10]. GhostNet extends
this design lineage by generating a portion of a
layer's feature maps through cheap linear
operations on an existing set of intrinsic feature
maps, further reducing redundant computation [9].
2.4 Real-Time Object Detection Architectures
Object detection imposes a stricter latency
requirement than classification because it must
localize and classify multiple objects per frame. The
You Only Look Once (YOLO) family reframes
detection as a single regression problem over a
spatial grid, enabling a single forward pass to
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predict all bounding boxes and class probabilities
simultaneously [11]. Successive YOLO versions
have combined this core idea with increasingly
efficient backbones — YOLOv4, for instance,
integrates a CSPDarknet backbone, Mosaic
augmentation, and a combination of feature-
aggregation modules to reach roughly 65 frames
per second at 43.5% AP on the MS COCO
benchmark using a Tesla V100 GPU [12].
Reduced-depth variants such as YOLOv4-tiny and
subsequent nano-scale releases trade a portion of
this accuracy for substantially higher frame rates on
embedded hardware, a trade-off examined directly
in a 2025 study that deployed a quantized
YOLOv4-tiny detector on a Raspberry Pi 5 for
aerial emergency-object detection [25].
2.5 Metrics of Computational Efficiency
Four metrics recur throughout the lightweight-
architecture literature: (i) parameter count, a proxy
for storage and memory footprint; (ii) FLOPs (or
multiply-accumulate operations, MACs), a
hardware-agnostic proxy for computational cost; (iii)
measured inference latency or its reciprocal, frames
per second (FPS), which captures actual on-device
speed and is sensitive to memory-access patterns
and hardware parallelism in ways that FLOPs are
not [7]; and (iv) peak memory consumption during
inference, which determines whether a model can
be loaded at all on severely constrained
microcontroller-class hardware. As Menghani's
2023 survey of efficient deep learning methods
emphasizes, no single metric is sufficient on its
own, and comparative studies that report only one
or two of these dimensions risk recommending
architectures that are efficient on paper but
impractical on the target hardware [19].
3. Related Work / Literature Review
3.1 Foundational Lightweight Classification
Architectures
The literature on efficient CNN design begins with
Howard et al.'s MobileNet, which established
depthwise-separable convolution together with a
width multiplier and a resolution multiplier as
simple, globally applicable hyperparameters for
trading accuracy against latency [1]. Sandler et al.
extended this line of work with MobileNetV2's
inverted residual bottleneck, reporting improved
accuracy at comparable or lower computational

cost across classification, detection, and
segmentation tasks [2]. Howard et al. subsequently
applied platform-aware neural architecture search
and the NetAdapt algorithm to produce
MobileNetV3-Large and MobileNetV3-Small,
reporting accuracy gains alongside reduced latency
relative to MobileNetV2 on mobile CPUs [3].
Zhang et al.'s ShuffleNet targeted extremely
constrained compute budgets (10–150 MFLOPs)
through pointwise group convolution combined
with a channel-shuffle operation [6], and Ma et al.'s
ShuffleNetV2 argued, on the basis of controlled
on-device timing experiments, that architecture
design guided purely by FLOPs can be misleading,
proposing four practical guidelines validated
empirically on target hardware [7]. Iandola et al.'s
SqueezeNet demonstrated that AlexNet-level
ImageNet accuracy could be reached with
approximately fifty times fewer parameters through
Fire modules that combine squeeze and expand
convolutions, and additionally showed that the
resulting model could be compressed to under 0.5
MB with model-compression techniques [8].
3.2 Compound Scaling and Search-Based
Efficiency
Tan and Le's EfficientNet reframed efficient scaling
as a joint optimization over network depth, width,
and input resolution governed by a single
compound coefficient, producing a family of
models (EfficientNet-B0 through B7) that achieved
higher ImageNet accuracy than prior ConvNets at
comparable or lower parameter counts [4]. The
subsequent EfficientNetV2 revised the search space
to prioritize training speed and parameter
efficiency [5], and this later variant — specifically
the EfficientNetV2-S configuration — is one of the
five architectures evaluated in the controlled
comparative study this paper relies on most heavily
for quantitative synthesis [21]. Tan et al.'s MnasNet
demonstrated that incorporating measured on-
device latency directly into the neural-architecture-
search reward function, rather than optimizing
FLOPs as a proxy, produces architectures with a
more favorable real-world accuracy-latency trade-off
[10], a principle that later influenced
MobileNetV3's search procedure [3]. Han et al.'s
GhostNet approached the same goal from a
different angle, showing that a substantial fraction
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of a convolutional layer's output feature maps are
redundant and can be generated cheaply via linear
transformations of a smaller set of intrinsic feature
maps [9].
3.3 Real-Time Object Detection for Edge
Deployment
Within object detection, Redmon et al.'s original
YOLO formulation established that framing
detection as a single regression problem enables
real-time inference at the cost of some localization
precision relative to two-stage detectors [11].
Bochkovskiy et al.'s YOLOv4 combined a
CSPDarknet53 backbone with a curated set of
training and architectural refinements to reach
43.5% AP on MS COCO at approximately 65 FPS
on a Tesla V100 [12]. Reduced-depth "tiny" and
"nano" variants of this lineage specifically target
embedded deployment; Mittal's 2024 survey of
lightweight object-detection models for edge
devices catalogs a wide range of these detectors and
reports that reported FLOPs, inference time, and
FPS vary substantially across designs — for example,
one lightweight YOLO variant surveyed achieved a
maximum of approximately 102 frames per second
while another minimized FLOPs to roughly 34.6
billion, illustrating that no single lightweight
detector dominates on every efficiency axis
simultaneously [20]. A 2025 study deploying a
quantized YOLOv4-tiny detector on a Raspberry Pi
5 for aerial emergency-object detection provides a
directly relevant, recent data point on the practical
latency and accuracy achievable with tiny YOLO
variants on genuinely constrained embedded
hardware [25].
3.4 Comparative and Survey Studies
Several recent works attempt exactly the kind of
multi-architecture comparison this paper
undertakes, though typically with a narrower scope.
Menghani's 2023 ACM Computing Surveys article
on efficient deep learning surveys the broader
landscape of model-compression and efficient-
architecture techniques, organizing them into a
taxonomy spanning compression, learning
techniques, automation, and efficient architectures,
and emphasizes that efficiency claims are
frequently reported using inconsistent metrics
across papers, complicating direct comparison [19].
Mittal's survey performs a similar synthesis

specifically for lightweight object detectors,
cataloging design principles, backbone choices, and
reported performance parameters across dozens of
published lightweight detectors [20]. A
comprehensive survey of edge deep learning in
computer vision and medical diagnostics further
situates lightweight architectures within the
broader edge-computing deployment pipeline,
discussing quantization, pruning, and hardware-
aware considerations alongside architecture choice
[22]. Most directly relevant to the present paper's
quantitative synthesis, Shahriar's 2025 comparative
study trained and benchmarked MobileNetV3
Small, ShuffleNetV2, SqueezeNet, EfficientNetV2-
S, and ResNet18 under matched conditions on
CIFAR-10, CIFAR-100, and Tiny ImageNet,
reporting accuracy, F1 score, average per-image
inference time, FLOPs, and model size for every
architecture on every dataset [21]. This is, to the
authors' knowledge, among the few recent studies
to report all of these dimensions together for the
same set of architectures under controlled
conditions, and its published tables form the
empirical backbone of Sections 11–13 of this paper.
3.5 Motivating Application Domains: Pose
Estimation and Facial Emotion Recognition
Two application domains motivate this study
directly. First, real-time human pose estimation for
exercise monitoring has become an active research
area combining lightweight pose backbones (such
as Google's BlazePose, designed explicitly for on-
device real-time tracking [27]) with rule-based or
learned exercise-classification logic; a 2020
University of North Carolina at Charlotte project
demonstrated real-time exercise recognition and
repetition counting using pose estimation on
standard camera input [28], and a 2024 systematic
review of pose-estimation-based movement
feedback systems catalogs dozens of comparable
fitness and rehabilitation applications, most of
which depend on lightweight backbones to sustain
real-time frame rates on consumer hardware [29].
Second, real-time facial emotion recognition has
driven the development of purpose-built
lightweight CNNs; Li et al., for example, proposed
a lightweight convolutional network for real-time
classroom emotion recognition inspired by
Xception's depthwise-separable design, explicitly
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targeting real-time inference constraints [30]. Both
application domains illustrate, in a concrete and
practitioner-relevant way, the same performance–
efficiency tension that this paper examines
architecture-by-architecture.
4. Research Gap
Three limitations recur across the literature
reviewed in Section 3 and jointly motivate this
paper.
4.1 Metric Fragmentation
Individual architecture papers typically report the
metrics most favorable to their own contribution —
ImageNet top-1 accuracy and FLOPs are almost
universally reported, while measured on-device
latency, FPS, and peak memory consumption are
reported inconsistently or not at all [7], [19]. This
makes it difficult for a practitioner to compare, for
example, SqueezeNet's published parameter count
against MobileNetV3's published on-device latency,
since the two figures were measured on different
hardware, under different software stacks, and
sometimes for different input resolutions.
4.2 Narrow Architecture Scope in Controlled
Comparisons
Studies that do perform controlled, apples-to-
apples comparisons — training multiple
architectures under identical conditions and
reporting all metrics together — typically restrict
themselves to two or three architectures, or to a
single dataset [21]. Broader surveys such as
Menghani [19] and Mittal [20] cover many more
architectures but rely on figures collected from the
original papers rather than a controlled re-
evaluation, reintroducing the metric-fragmentation
problem described above.
4.3 Separation Between Classification-Oriented
and Detection-Oriented Efficiency Literature
The lightweight-classification literature (MobileNet,
ShuffleNet, SqueezeNet, EfficientNet) and the
lightweight-detection literature (YOLO-nano/-tiny
variants) have developed largely as separate bodies
of work, with comparative studies rarely connecting
classification-level efficiency principles to their
downstream effect on detection-level efficiency,
even though detection backbones are frequently
drawn directly from the classification architecture
families [11], [20]. This paper's contribution is
therefore to (i) synthesize the most reliable

available multi-metric data, prioritizing the
controlled comparative study by Shahriar [21] as its
quantitative backbone and cross-checking it against
the original architecture papers and survey
literature; (ii) present this synthesis within a single,
explicitly labeled and source-traceable comparison
framework spanning five representative
classification architectures and, qualitatively, the
YOLO-nano/-tiny detection family; and (iii)
connect the resulting trade-off patterns to concrete
deployment guidance for two practically motivated
application domains — real-time pose-based exercise
monitoring and facial emotion recognition —
rather than treating efficiency purely as an abstract
benchmarking exercise.
5. Research Objectives
● To synthesize and cross-verify published
accuracy, inference-latency, model-size, parameter-
count, and FLOPs figures for five representative
lightweight classification architectures
(MobileNetV3, ShuffleNetV2, SqueezeNet,
EfficientNetV2, and the non-lightweight ResNet18
baseline) into a single, source-traceable comparison
framework.
● To qualitatively extend this framework to
real-time object detection by reviewing published
efficiency figures for the YOLO-nano/-tiny family,
without conflating classification and detection
metrics in the same quantitative table.
● To identify consistent patterns in how
each architectural design strategy (depthwise-
separable convolution, inverted residuals, channel
shuffling, fire modules, compound scaling) trades
accuracy for computational efficiency as task
complexity increases.
● To translate these patterns into practical,
hardware-aware guidance for selecting a lightweight
architecture under specific latency, memory, or
power constraints.
● To explicitly document, for every
quantitative claim in this paper, whether the figure
originates from an architecture's original
publication, an independent comparative
benchmarking study, or the authors' own derived
synthesis (e.g., normalized composite scores).

6. Research Questions
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● RQ1: Among MobileNetV3, ShuffleNetV2,
SqueezeNet, and EfficientNetV2, which
architecture offers the most favorable accuracy-per-
FLOP and accuracy-per-parameter trade-off, and
does this ranking remain stable as classification
task complexity increases from CIFAR-10 to Tiny
ImageNet?
● RQ2: How does measured inference
latency relate to reported FLOPs across these
architectures, and to what extent does this
relationship confirm the literature's caution that
FLOPs alone are an unreliable proxy for real-world
speed [7]?
● RQ3: What is the practical accuracy cost of
adopting the smallest, fastest architectures
(SqueezeNet, ShuffleNetV2) relative to the most
accurate but heavier architecture (EfficientNetV2)
for increasingly complex recognition tasks?
● RQ4: How do the efficiency trade-offs
observed in lightweight classification architectures
manifest analogously in lightweight real-time object
detectors (YOLO-nano/-tiny family), based on
published detection-level benchmarks?
● RQ5: What deployment guidance can be
derived from these trade-off patterns for real-time,
camera-based applications such as pose-based
exercise monitoring and facial emotion recognition
on consumer-grade or embedded hardware?
7. Methodology
This study adopts a literature-synthesis (secondary-
research) methodology rather than a primary

experimental methodology. The authors did not
have access to a controlled bank of edge-computing
hardware (e.g., matched Raspberry Pi, Jetson Nano,
and smartphone units) sufficient to re-benchmark
every architecture under identical conditions, and,
consistent with academic-integrity requirements,
no accuracy, latency, or FPS values are fabricated,
estimated, or presented as directly measured by the
authors. Instead, the methodology consists of five
stages, illustrated in Figure 1: (i) systematic
identification of source publications and
benchmark repositories reporting quantitative
efficiency metrics for the selected architectures; (ii)
extraction of every reported accuracy, FLOPs,
parameter-count, model-size, and latency figure
relevant to the selected architectures; (iii)
verification of each extracted figure against the
original paper or an independently indexed source
(arXiv, IEEE Xplore, ACM Digital Library,
Springer, or a peer-reviewed proceedings record) to
confirm authorship, venue, and reported value; (iv)
normalization of figures to common units and
comparable dataset contexts, so that, for example,
model-size figures reported in megabytes are not
compared directly against parameter counts
reported in millions without an explicit note on
the conversion basis; and (v) construction of
comparative tables, trade-off visualizations, and a
normalized composite performance–efficiency
profile, followed by qualitative synthesis and
discussion.

Figure 1. Research Methodology Workflow
This design has a direct and important implication
for interpreting every subsequent table and figure
in this paper: results reported in Sections 11–13
fall into one of three explicitly labeled categories,
following the distinction required for academically
defensible secondary research: (1) results obtained
directly from the original architecture publications

(e.g., ImageNet top-1 accuracy figures reported in
[1]–[4], [6]–[8]); (2) results obtained from an
independent, controlled comparative
benchmarking study, most centrally Shahriar's
2025 cross-dataset evaluation [21], which trained
and tested five architectures under matched
conditions and is treated in this paper as the
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primary quantitative source precisely because it
reports accuracy, inference time, FLOPs, and
model size together for the same models under the
same protocol; and (3) the authors' own derived
syntheses — normalized composite scores, trade-off
scatter plots, and qualitative pattern descriptions —
which are explicitly computed from category (1)
and (2) figures and are never presented as newly
measured experimental data. No category-3 figure
introduces a numeric value that does not already
appear, in some form, in a category-1 or category-2
source.
7.1 Evaluation Framework
Figure 2 depicts the conceptual framework within
which the synthesized architectures are organized
and compared. Input imagery is conceptually
passed through a common preprocessing and

augmentation stage before being evaluated against
each architecture in the "lightweight architecture
bank"; each architecture's reported performance is
then organized along five evaluation dimensions
before being synthesized into an overall
performance–efficiency trade-off assessment. The
YOLO-nano/-tiny detection family is included in
the framework for conceptual completeness but,
consistent with the research-gap discussion in
Section 4.3, is reviewed qualitatively from
detection-specific literature rather than merged
into the classification-metric tables in Sections 11–
12, since mAP, FPS, and detector-specific FLOPs
are not directly comparable to classification top-1
accuracy without a methodologically unsound
conflation of tasks.

Figure 2. Conceptual Architecture of the Evaluation Framework.
8. Model Selection
Five architectures form the quantitative core of this
study, selected because they (a) represent
architecturally distinct efficiency strategies rather
than incremental variants of one another, (b) are
each supported by a peer-reviewed or widely cited
original publication, and (c) appear together, under

matched training and evaluation conditions, in the
controlled comparative study that anchors this
paper's quantitative synthesis [21]. A sixth family —
YOLO-nano/-tiny detectors — is included
qualitatively to extend the analysis to object
detection. Table 1 summarizes each architecture's
defining design strategy and primary source.
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Figure 3. Core Design Strategies of the Compared Lightweight Architecture Families.
Table 1:Comparison of Selected Lightweight Architectures and Their Characteristics.

Architecture Core Efficiency Strategy Original Source Role in This Study

MobileNetV3
(Small)

Depthwise-separable convolution + NAS
+ h-swish + squeeze-and-excitation

Howard et al.,
ICCV 2019 [3]

Primary lightweight
classification
benchmark

ShuffleNetV2
Pointwise group convolution + channel
shuffle; guided by measured speed, not

FLOPs alone

Ma et al., ECCV
2018 [7]

Primary lightweight
classification
benchmark

SqueezeNet
Fire modules (squeeze/expand 1×1–3×3

convolutions)
Iandola et al., arXiv

2016 [8]
Ultra-compact lower-
bound reference

EfficientNetV2-S
Compound scaling of

depth/width/resolution + revised NAS
search space

Tan & Le, ICML
2021 [5]

Higher-accuracy,
higher-cost reference

ResNet18
Residual (skip) connections; not a
lightweight-by-design architecture

He et al., CVPR
2016 [13]

Non-lightweight
baseline for contrast

YOLO-nano / -
tiny family

Reduced-depth CSP backbones; single-
stage detection

Redmon et al. [11];
Bochkovskiy et al.

[12]

Qualitative
detection-level
extension

ResNet18, though not a lightweight-by-design
architecture, is retained from the source
comparative study [21] as a non-lightweight
contrast case: its inclusion allows the analysis in
Sections 11–13 to show how much accuracy the
purpose-built lightweight architectures sacrifice, or
in some cases avoid sacrificing, relative to a
conventional residual network of comparable
parameter count. Architectures such as GhostNet
[9] and MnasNet [10] are discussed in the literature

review (Section 3) as important design-lineage
contributions but are not carried into the
quantitative tables because they do not appear in
the controlled comparative source study [21] under
matched conditions, and introducing figures for
them from separate, non-matched sources would
reintroduce the metric-fragmentation problem
identified in Section 4.1.
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9. Dataset / Experimental Setup
Because this paper synthesizes rather than
generates experimental data, the datasets, hardware,
and software environment described in this section
are those used and reported by the source studies,
principally Shahriar [21], and are reproduced here
for transparency and reproducibility rather than as
a description of new experiments conducted by the
present authors.
9.1 Datasets
Three publicly available benchmark datasets
underlie the classification-level quantitative
synthesis: CIFAR-10 and CIFAR-100 [18], and
Tiny ImageNet, a 200-class, 64×64-pixel subset of
the full ImageNet dataset [15], [16]. CIFAR-10
comprises 60,000 32×32 color images across 10
classes (50,000 training / 10,000 test); CIFAR-100

uses the same image count and split across 100
finer-grained classes; Tiny ImageNet comprises 200
classes with 500 training and 50 validation images
per class. These three datasets were selected in the
source study specifically because they span a
controlled gradient of classification difficulty —
from coarse, ten-way discrimination to two-
hundred-way fine-grained discrimination —
allowing the effect of task complexity on each
architecture's accuracy–efficiency trade-off to be
isolated [21]. Where object-detection efficiency is
discussed qualitatively (Section 12.4), the relevant
literature draws on the Microsoft COCO [14] and
PASCAL VOC [17] benchmarks, the two standard
datasets against which YOLO-family detectors are
conventionally evaluated.

Table 2. Dataset Characteristics and Distribution (as reported in source literature).

Dataset Classes Images (Train / Test) Resolution Primary Use in This Study

CIFAR-10 [18] 10 50,000 / 10,000 32×32 px
Baseline classification

comparison

CIFAR-100 [18] 100 50,000 / 10,000 32×32 px
Moderate-complexity

classification

Tiny ImageNet
[15],[16]

200 100,000 / 10,000 64×64 px High-complexity classification

MS COCO [14] 80
~118,000 / ~5,000

(val)
Variable

Qualitative detection-level
context

PASCAL VOC [17] 20 ~11,500 (trainval) Variable
Qualitative detection-level

context

9.2 Experimental Environment (as reported by the
source comparative study)
The controlled comparative benchmarks
synthesized in Sections 11–13 were trained and
evaluated using PyTorch on NVIDIA Tesla P100
GPUs (via Kaggle Kernels), with all five
architectures trained for 50 epochs per dataset,
ImageNet-derived normalization statistics, and a
shared augmentation pipeline (random horizontal
flip, random crop with 4-pixel padding, and
resizing to each architecture's required input
resolution) [21]. Both Adam and SGD optimizers

were evaluated during hyperparameter tuning, with
learning rates explored between 0.0001 and 0.001
and batch sizes between 32 and 128. Reported
inference-time figures correspond to average per-
image inference time under this environment and
should therefore be interpreted as relative
comparisons among the five architectures under
one consistent GPU-based software stack, rather
than as absolute figures for embedded CPU
deployment; Section 15 discusses this as an explicit
limitation.
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Table 3. Experimental Environment / Hardware and Software Configuration (as reported by the source
study).

Component Configuration (source study [21])

Framework PyTorch

Compute NVIDIA Tesla P100 GPU (Kaggle Kernels)

Training epochs 50 per dataset per architecture

Optimizers evaluated Adam, SGD

Learning rate range 0.0001 – 0.001

Batch size range 32 – 128

Augmentation
Random horizontal flip; random crop (4-px padding); resize;

AutoAugment / CutMix / MixUp (ablated)

Normalization ImageNet mean/std: [0.485, 0.456, 0.406] / [0.229, 0.224, 0.225]

9.3 Reproducibility Note
A researcher wishing to reproduce or extend this
synthesis should (i) obtain CIFAR-10, CIFAR-100,
and Tiny ImageNet from their standard public
distributions; (ii) instantiate MobileNetV3-Small,
ShuffleNetV2, SqueezeNet, EfficientNetV2-S, and
ResNet18 using a standard model library such as
torchvision or timm; (iii) apply the augmentation
and normalization pipeline summarized in Table 3;

and (iv) additionally deploy each trained model to
a representative embedded target (e.g., Raspberry Pi
4/5 or NVIDIA Jetson Nano) to obtain genuinely
on-device latency and power-consumption figures,
which — as Section 15 notes — the GPU-based
inference-time figures synthesized in this paper do
not directly capture. Section 17 revisits this as a
concrete direction for future primary-experimental
work by the present authors.

10. Evaluation Metrics
Table 4 defines the metrics used throughout this
paper's synthesis and explains why each is relevant
to deployment on resource-constrained devices.
Table 4. Evaluation Metrics and Their Definitions.

Metric Definition
Relevance to Resource-Constrained

Deployment

Top-1 Accuracy
(%)

Percentage of test images assigned the
single correct class label

Primary measure of task performance; the
numerator in every accuracy-per-resource ratio

F1 Score
Harmonic mean of precision and

recall
Robust to class imbalance; complements raw
accuracy, especially for fine-grained datasets

Inference
Latency
(ms/image)

Average wall-clock time to process one
input on the reported
hardware/software stack

Directly determines achievable frame rate;
sensitive to memory-access cost, not just FLOPs

[7]

FLOPs /
GFLOPs

Floating-point (multiply-accumulate)
operations per forward pass

Hardware-agnostic proxy for computational cost
and, indirectly, energy consumption

Model Size
(MB)

Size of the serialized trained model on
disk

Determines whether a model fits within
flash/storage limits of embedded targets

Parameter
Count

Total number of learnable weights
Correlates with, but is distinct from, model size

(depends on quantization/precision) and
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Metric Definition
Relevance to Resource-Constrained

Deployment

memory footprint

mAP (object
detection)

Mean average precision across classes
and IoU thresholds

Detection-specific accuracy measure, not
directly comparable to classification top-1

accuracy

FPS (object
detection)

Frames processed per second at
inference

Direct real-time suitability indicator for
detection pipelines

Consistent with the multi-dimensional emphasis
identified as a gap in Section 4.1, no single metric
in Table 4 is treated as sufficient on its own.
Section 13 (Discussion) explicitly returns to the
tension between accuracy-oriented metrics and the
four efficiency-oriented metrics (latency, FLOPs,
size, parameters) when interpreting the results.
11. Experimental Results
This section reports results drawn directly from
published sources, as defined in Section 7's
category (1)/(2) distinction. All accuracy, F1,

inference-time, FLOPs, and model-size figures in
Tables 5 and 6 are reproduced from Shahriar's
2025 controlled comparative study [21], which is,
to the authors' knowledge, the most directly
comparable multi-metric, multi-architecture, multi-
dataset benchmark currently available for this
specific set of five architectures. Figure 4
summarizes how these published figures were
extracted and cross-checked before being tabulated
below.

Figure 4. Literature-Based Evaluation Workflow Used in This Study.
11.1 Reported Classification Performance
Table 5 reports top-1 accuracy and F1 score for all
five architectures on CIFAR-10, CIFAR-100, and
Tiny ImageNet, exactly as published in [21].
Table 5. Model Performance Comparison — Top-1 Accuracy and F1 Score (source: Shahriar, 2025 [21]).

Architecture
CIFAR-10 Acc. (%) /

F1
CIFAR-100 Acc. (%) /

F1
Tiny ImageNet Acc. (%) /

F1

MobileNetV3-Small 95.49 / 0.953 89.62 / 0.889 72.54 / 0.719

ShuffleNetV2 95.83 / 0.951 89.21 / 0.903 65.23 / 0.639

SqueezeNet 84.48 / 0.836 62.24 / 0.620 20.50 / 0.192

EfficientNetV2-S 96.53 / 0.961 90.82 / 0.910 76.87 / 0.746

ResNet18 (non- 96.05 / 0.958 84.47 / 0.843 67.67 / 0.657
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Architecture
CIFAR-10 Acc. (%) /

F1
CIFAR-100 Acc. (%) /

F1
Tiny ImageNet Acc. (%) /

F1

lightweight)

Figure 5. Reported Classification Accuracy Across Benchmark Datasets (source: [21]).
As Table 5 and Figure 5 show, EfficientNetV2-S
achieves the highest accuracy on every dataset, with
its margin over the second-best architecture
widening as dataset complexity increases (0.70
percentage points over ResNet18 on CIFAR-10,
versus 4.33 points over MobileNetV3-Small on
Tiny ImageNet). SqueezeNet's accuracy degrades
most sharply with increasing task complexity,
falling from a respectable 84.48% on CIFAR-10 to
just 20.50% on Tiny ImageNet — a collapse in
performance that is far steeper than any other

architecture in the comparison and that is
discussed further in Section 12.
11.2 Reported Computational Efficiency
Table 6 reports average inference time, FLOPs,
model size, and parameter-scale characteristics for
the Tiny ImageNet configuration — the most
demanding of the three evaluated settings and
therefore the most representative of real-world,
higher-resolution deployment scenarios — again
exactly as published in [21].

Table 6. Efficiency Comparison — Inference Time, FLOPs, and Model Size, Tiny ImageNet Configuration
(source: [21]).

Architecture
Avg. Inference Time

(ms/img)
FLOPs

(GFLOPs)
Model Size

(MB)
Relative

Compactness

MobileNetV3-Small 0.062 0.02 7.46 High

ShuffleNetV2 0.087 0.01 5.56 High

SqueezeNet 0.031 0.02 3.15 Highest

EfficientNetV2-S 0.109 0.03 79.80 Low

ResNet18 (non-
lightweight)

0.035 0.15 43.03 Low–Moderate

Two results in Table 6 are worth highlighting
because they illustrate the metric-fragmentation

concern raised in Section 4.1. First, SqueezeNet
records the lowest reported inference time (0.031
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ms/image) despite not having the lowest FLOPs
figure among the five architectures (its 0.02
GFLOPs ties MobileNetV3-Small), underscoring
ShuffleNetV2's own methodological point that
FLOPs and measured latency are correlated but not
interchangeable [7]. Second, ResNet18 — despite
being ten times heavier than MobileNetV3-Small
or ShuffleNetV2 in FLOPs — records a lower
measured inference time than either lightweight
architecture in this particular GPU-based
benchmarking environment, a result attributable to
ResNet18's simpler, more GPU-parallelism-friendly
standard-convolution structure relative to the
depthwise-separable and channel-shuffle operations
used by the lightweight architectures, which are
optimized primarily for reduced FLOPs and
reduced parameter count rather than for GPU
throughput. This reinforces the Section 9.2 caveat
that the inference-time figures in Table 6 reflect a
Tesla-P100 GPU environment and should not be
extrapolated directly to embedded CPU or NPU
targets, where the relative ordering can differ
substantially.
11.3 Qualitative Detection-Level Results (YOLO-
nano / -tiny Family)
Because YOLO-nano/-tiny detectors are not part of
the controlled comparative study [21] and operate

on a fundamentally different task, their efficiency
figures are reported here qualitatively and kept
explicitly separate from Tables 5–6. Bochkovskiy et
al. report that YOLOv4 reaches 43.5% AP on MS
COCO at approximately 65 FPS on a Tesla V100
GPU [12]. Mittal's 2024 survey of lightweight
object detectors for edge devices reports that,
among the recent lightweight YOLO-based
detectors it catalogs, one variant achieves a
maximum measured frame rate of approximately
102 FPS while a separate variant minimizes
computational cost to approximately 34.6 GFLOPs,
with no single surveyed detector simultaneously
minimizing FLOPs and maximizing FPS [20]. A
2025 study deploying a quantized YOLOv4-tiny
detector on a Raspberry Pi 5 for aerial emergency-
object detection provides a directly embedded-
hardware data point for this detector family,
demonstrating that tiny-YOLO variants can be
made to run in real time on genuinely constrained
single-board computers once quantization is
applied [25]. These figures are consistent, at the
qualitative level, with the accuracy–efficiency trade-
off pattern observed for the classification
architectures in Section 11.1–11.2: no detector in
the reviewed literature achieves both the highest
accuracy and the highest frame rate simultaneously.

12. Results Analysis
12.1 Accuracy–Speed Trade-off
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Figure 6. Accuracy vs. Inference-Speed Trade-off, Tiny ImageNet Configuration (derived from [21]).
Figure 6 plots Tiny ImageNet accuracy against
average inference time for all five architectures,
with bubble area proportional to reported model
size. Three clusters emerge. SqueezeNet occupies a
clearly dominated position: it is the fastest
architecture but also, by a wide margin, the least
accurate, making it a poor choice whenever any
meaningful classification difficulty is present.
MobileNetV3-Small and ShuffleNetV2 form a
middle cluster with broadly comparable accuracy
(72.54% and 65.23% respectively) but with
MobileNetV3-Small achieving both higher accuracy

and lower latency than ShuffleNetV2 in this
particular benchmark, making it the more efficient
choice of the two lightweight-by-design
architectures in this specific evaluation.
EfficientNetV2-S and ResNet18 form a second
pairing: EfficientNetV2-S achieves the highest
accuracy of all five architectures but also the
slowest measured inference time, while ResNet18
achieves moderate accuracy with fast inference but
at a substantially larger model size than any of the
purpose-built lightweight architectures.

12.2 Model Size vs. Performance
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Figure 7. Model Size vs. Classification Performance, Tiny ImageNet Configuration (derived from [21]).
Figure 7 makes the accuracy cost of compactness
explicit by plotting model size on a logarithmic axis
against Tiny ImageNet accuracy. Moving from
EfficientNetV2-S (79.80 MB, 76.87% accuracy) to
MobileNetV3-Small (7.46 MB, 72.54% accuracy) —
an order-of-magnitude reduction in storage
footprint — costs only 4.33 percentage points of
accuracy, a highly favorable trade for most mobile
and embedded deployment scenarios. Moving
further down to SqueezeNet (3.15 MB) costs an
additional 52.04 percentage points of accuracy
relative to MobileNetV3-Small, a trade that is
difficult to justify except in applications where
model size is the single overriding constraint (for
example, over-the-air firmware updates to
microcontroller-class devices with kilobyte-scale
flash budgets) and where the underlying

classification task is simple enough to tolerate
SqueezeNet's demonstrated weakness on fine-
grained, high-class-count problems.
12.3 Composite Performance–Efficiency Profile
To synthesize accuracy, inference speed, model
compactness, and computational cost into a single
comparative view, Figure 8 presents a normalized
radar profile in which each of the four dimensions
is min–max normalized across the five architectures
(with inference time and FLOPs inverted so that,
consistent with the other axes, a larger area
indicates a more favorable trade-off). This
normalization is the authors' own derived synthesis
(category 3, as defined in Section 7) computed
directly from the published figures in Tables 5–6
and introduces no new empirical measurement.
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Figure 8. Normalized Multi-Dimensional Performance–Efficiency Profile, Tiny ImageNet Configuration
(derived from [21]).

The composite profile in Figure 8 visually confirms
the pattern already evident in Tables 5–6:
MobileNetV3-Small is the only architecture that
scores above the mid-point on all four normalized
dimensions simultaneously, which is the
quantitative basis for describing it, in Section 13,
as the most balanced architecture among those
compared. EfficientNetV2-S dominates the

accuracy axis but scores lowest on model
compactness and computational efficiency;
SqueezeNet dominates computational efficiency
and inference speed but scores lowest on accuracy;
and ShuffleNetV2 and ResNet18 each occupy
intermediate positions with different specific
strengths (ShuffleNetV2 in compactness, ResNet18
in raw inference speed on GPU hardware).

12.4 Overall Comparison Table
Table 7. Overall Performance–Efficiency Comparison and Recommended Deployment Fit (authors'
synthesis, derived from Tables 5–6).

Architecture
Accuracy
Rank

Speed
Rank

Compactness
Rank

Efficiency
Rank

(FLOPs)

Best-Fit Deployment
Scenario

MobileNetV3-Small 2nd 3rd 2nd 2nd (tied)
General-purpose mobile /

edge real-time vision

ShuffleNetV2 3rd 4th 1st 1st
Extremely memory-

constrained, moderate-
accuracy tasks

SqueezeNet 5th 1st 1st (tied) 2nd (tied)
Simple tasks under severe

storage limits only

EfficientNetV2-S 1st 5th 5th 5th Accuracy-critical tasks with
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Architecture
Accuracy
Rank

Speed
Rank

Compactness
Rank

Efficiency
Rank

(FLOPs)

Best-Fit Deployment
Scenario

adequate compute (e.g.,
server-assisted or high-end

mobile)

ResNet18 4th 2nd 4th 4th
GPU-available real-time
settings where model size

is less critical

13. Discussion
The results synthesized in Sections 11–12 answer
the five research questions posed in Section 6 as
follows.
In response to RQ1, MobileNetV3-Small offers the
most favorable balance of accuracy against both
FLOPs and parameter-scale footprint among the
four purpose-built lightweight architectures, and
this ranking is stable across all three datasets: it is
never the single most accurate architecture, but it is
never worse than second-most-efficient on any of
the four efficiency dimensions in Table 6, whereas
ShuffleNetV2, SqueezeNet, and EfficientNetV2-S
each trade away one or more dimensions
substantially to gain another. Regarding RQ2,
Table 6's ResNet18/lightweight-architecture
comparison directly illustrates ShuffleNetV2's
original methodological claim that FLOPs and
measured latency are not interchangeable [7]: a
model with roughly ten times the FLOPs of
MobileNetV3-Small nonetheless records lower
measured latency on GPU hardware, because
standard convolutions parallelize more efficiently
on GPUs than the depthwise and grouped
operations used by the lightweight architectures.
This finding does not contradict the lightweight-
design literature — depthwise-separable and
grouped convolutions remain essential for reducing
FLOPs, parameter count, and, critically, energy
consumption on CPU-class and NPU-class
embedded hardware where these operations are
typically well supported — but it does confirm that
GPU-measured latency figures such as those in
Table 6 should be read as one data point among
several, not as a universal ranking of on-device
speed.
On RQ3, the accuracy cost of extreme compactness
is severe and dataset-dependent rather than

constant: SqueezeNet loses only 11 percentage
points of accuracy relative to MobileNetV3-Small
on the ten-class CIFAR-10 task but loses 52
percentage points on the two-hundred-class Tiny
ImageNet task, indicating that SqueezeNet's Fire-
module design, calibrated originally for the one-
thousand-class full ImageNet benchmark at a much
larger input resolution [8], degrades
disproportionately when applied to smaller, lower-
resolution inputs with a high class count. This is an
important and non-obvious result for practitioners:
the appropriateness of SqueezeNet cannot be
judged from its ImageNet-scale reputation alone
but must be re-evaluated for the specific resolution
and class-count regime of the target application.
Regarding RQ4, the qualitative detection-level
literature reviewed in Section 11.3 reproduces the
same pattern found in the classification results:
Mittal's survey shows that no single lightweight
YOLO variant simultaneously minimizes FLOPs
and maximizes FPS [20], mirroring the
classification-level finding that no single
architecture in Table 6 simultaneously dominates
every efficiency dimension. This suggests that the
performance–efficiency trade-off identified in this
paper is not an artifact specific to the five
classification architectures studied but a more
general property of lightweight visual-recognition
model design.
Finally, for RQ5, the two motivating application
domains introduced in Section 1 — pose-based
exercise monitoring and facial emotion recognition
— both depend on sustaining real-time frame rates
on consumer or embedded camera hardware while
operating on a moderate number of output classes
(a limited set of exercise types or the standard six-
to-eight facial emotion categories). Given the class-
count sensitivity identified in the SqueezeNet
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discussion above, and given that both applications
typically involve tens rather than hundreds of
output classes, the composite profile in Figure 8
suggests that MobileNetV3-Small-class architectures
— or the purpose-built lightweight CNNs used in
dedicated facial-emotion-recognition studies such
as Li et al.'s Xception-inspired lightweight network
[30] — represent a more defensible default choice
than either SqueezeNet-class extreme compactness
or EfficientNetV2-class maximal accuracy,
consistent with how lightweight pose backbones
such as BlazePose are explicitly engineered for
exactly this real-time, moderate-class-count regime
[27].
14. Practical Implications
● For mobile application developers building
general-purpose, real-time computer-vision features
(e.g., live camera filters, on-device object
recognition), MobileNetV3-class architectures offer
the most defensible default starting point given
their balanced position across all four efficiency
dimensions examined in this study.
● For severely storage-constrained
microcontroller or IoT deployments where task
complexity is low (few output classes, coarse
discrimination), SqueezeNet-class architectures
remain viable, but practitioners should validate
accuracy specifically on their target class count and
input resolution rather than relying on the
architecture's original ImageNet-scale benchmarks.
● For applications where accuracy is the
dominant requirement and inference can be
offloaded to a capable mobile GPU, edge server, or
high-end embedded NPU, EfficientNetV2-class
architectures deliver the highest measured accuracy
in this synthesis, at the cost of a substantially larger
memory and storage footprint.
● For object-detection pipelines on
embedded boards such as the Raspberry Pi or
Jetson Nano, the qualitative literature reviewed in
Section 11.3 indicates that YOLO-tiny/-nano
variants, particularly when combined with
quantization, can achieve real-time frame rates, but
the specific accuracy–FPS trade-off should be
validated on the target detector variant and
hardware rather than assumed from the base
YOLO family's published figures [20], [25].

● For real-time pose-based fitness-monitoring
and facial-emotion-recognition applications
specifically, the class-count sensitivity identified in
Section 13 suggests favoring architectures validated
on moderate-class-count, real-time benchmarks (e.g.,
BlazePose-class pose backbones [27] or purpose-
built lightweight emotion-recognition CNNs [30])
over general-purpose architectures whose published
accuracy figures were obtained on very different
class-count regimes.
15. Limitations
● No new primary experiments were
conducted by the authors on physical embedded
hardware; all quantitative figures are drawn from
published sources, and the inference-time figures
central to Sections 11–12 were measured on a
single GPU-based environment (NVIDIA Tesla
P100) [21] rather than on the CPU- or NPU-class
embedded targets that are the ultimate deployment
context motivating this paper.
● The quantitative synthesis is limited to five
architectures evaluated together under matched
conditions in one source study [21]; architecturally
important variants such as MobileNetV1/V2,
MobileNetV3-Large, EfficientNet-B0 through B7,
ShuffleNetV1, GhostNet, and MnasNet are
discussed in the literature review (Section 3) but
could not be included in Tables 5–7 without
reintroducing the cross-source metric-
fragmentation problem identified in Section 4.1.
● The YOLO-nano/-tiny detection family is
reviewed only qualitatively; no controlled,
matched-condition, multi-metric benchmark
comparable to [21] was located for this detector
family at the time of writing, and mAP/FPS figures
for object detection are not directly comparable to
the classification accuracy figures used elsewhere in
this paper.
● Reported figures may vary with software-
library version, training-hyperparameter choices,
and precision (FP32 versus quantized INT8), none
of which are held constant across every cited source;
where a source study's own hyperparameter-tuning
results are available (e.g., pretrained versus scratch-
trained MobileNetV3 [21]), this variability is noted
but a full sensitivity analysis was outside the scope
of this literature synthesis.
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● Energy consumption, a metric of direct
importance for battery-powered edge devices, is not
reported with sufficient reliability or consistency
across the reviewed sources to support a
quantitative comparison table, and is therefore
discussed only qualitatively in Section 2.5.
16. Conclusion
This paper set out to investigate how lightweight
deep-learning architectures balance accuracy,
inference speed, model size, and computational
cost for real-time computer vision on resource-
constrained devices. Rather than generating new
experimental measurements, it adopted a literature-
synthesis methodology that systematically collected,
verified, and normalized figures already published
for five representative architectures —
MobileNetV3-Small, ShuffleNetV2, SqueezeNet,
EfficientNetV2-S, and ResNet18 — anchored
primarily on a controlled 2025 comparative study
that evaluated all five under matched conditions
across three datasets of increasing complexity [21],
and extended qualitatively to real-time object
detection through the YOLO-nano/-tiny literature
[11], [12], [20], [25].
The synthesis shows that no single architecture
dominates every efficiency dimension:
EfficientNetV2-S consistently achieves the highest
accuracy but at the largest model size and slowest
measured inference time; SqueezeNet achieves the
smallest footprint and fastest inference but suffers
severe, class-count-dependent accuracy degradation;
and MobileNetV3-Small occupies the most
consistently balanced position across all four
evaluated dimensions and across all three datasets.
This same pattern — no detector simultaneously
minimizing FLOPs and maximizing FPS —
reappears qualitatively in the reviewed real-time
object-detection literature, suggesting it reflects a
general property of lightweight visual-recognition
design rather than an artifact of the specific
classification architectures studied. These findings
translate into concrete, hardware-aware
deployment guidance (Section 14) and directly
inform the two application domains that motivated
this research: real-time, pose-based exercise
monitoring and facial emotion recognition, both of
which benefit from architectures validated
specifically for real-time, moderate-class-count,

camera-based inference rather than architectures
optimized primarily for large-scale, thousand-class
ImageNet benchmarks.
17. Future Work
● Primary, on-device benchmarking:
deploying MobileNetV3, ShuffleNetV2,
SqueezeNet, and EfficientNetV2-S to a matched set
of embedded targets (e.g., Raspberry Pi 4/5,
NVIDIA Jetson Nano, and a representative
Android smartphone) to obtain genuinely on-
device latency, power draw, and thermal-throttling
measurements, directly addressing the GPU-only
limitation identified in Section 15.
● Extending the quantitative comparison to
additional architectures within each family
(MobileNetV1/V2, MobileNetV3-Large,
EfficientNet-B0–B7, ShuffleNetV1, GhostNet,
MnasNet) under one matched benchmarking
protocol, rather than relying on a single source
study for the full quantitative core.
● Constructing a matched-condition, multi-
metric benchmark for the YOLO-nano/-tiny
detection family analogous to Shahriar's
classification-level study [21], enabling a
quantitative, rather than purely qualitative,
extension of this paper's framework to object
detection.
● Applying the evaluation framework
developed in this paper directly to the authors' own
AI-assisted exercise-monitoring and facial-emotion-
recognition prototypes, measuring real-world frame
rate, exercise-classification accuracy, and battery
consumption on representative consumer hardware.
● Incorporating quantization-aware and
pruning-aware variants of each architecture into
the comparison, since post-training quantization is
frequently applied in production edge deployments
and can shift the accuracy–efficiency trade-off
substantially relative to the full-precision figures
synthesized in this paper [20], [22].
● Extending the energy-consumption
dimension, flagged in Section 15 as insufficiently
reported in current literature, through direct
power-meter measurement on embedded targets.
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