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Deep learning-based image classification has achieved remarkable progress in recent years, but the contradic-
tion between model performance and computational efficiency remains a critical challenge for edge-device
deployment. To address this issue, this paper proposes a lightweight deep learning framework integrated with
an efficient multi-scale attention (EMA) module for high-performance feature extraction. The EMA module
adopts a channel-grouping strategy and parallel multi-branch architecture to capture multi-scale contextual
information without dimensionality reduction, which effectively avoids the loss of feature details caused by
traditional attention mechanisms. Specifically, it divides input features into multiple subgroups and employs
1 x 1 and 3 x 3 convolutional branches to model local and global dependencies respectively, followed by
cross-spatial learning to fuse complementary features across branches. The proposed framework is evaluated
on three benchmark datasets (CIFAR-100, ImageNet-1k, and Tiny-ImageNet) against state-of-the-art lightweight
models and attention mechanisms. Experimental results demonstrate that the proposed framework achieves a
better trade-off between classification accuracy and computational cost. The proposed framework provides a
promising solution for efficient image classification in resource-constrained scenarios.
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1. Introduction

Image classification is a fundamental task in computer vi-
sion, serving as the basis for various advanced applications
such as object detection, semantic segmentation, and vi-
sual recognition systems [1, 2]. With the development of
deep convolutional neural networks (CNNs), some mod-
els represented by ResNet, Vision Transformer (ViT), and
their variants have achieved unprecedented performance
on large-scale benchmark datasets [3]. However, these
high-performance models usually suffer from heavy com-
putational burdens and massive parameter counts, mak-
ing them difficult to deploy on edge devices (e.g., smart-
phones, IoT sensors) with limited memory and computing
resources [4].

To address the efficiency issue, lightweight models such
as MobileNet [5], ShuffleNet [6], and EfficientNet-Lite [7]
have been proposed by adopting strategies like depthwise
separable convolution, channel shuffling, and neural ar-
chitecture search. While these models reduce computa-
tional costs, their feature expression capability is often
compromised due to the simplification of network struc-
tures. Attention mechanisms have been widely integrated
into lightweight models. Representative attention mod-
ules such as squeeze-and-excitation (SE) [8], convolutional
block attention module (CBAM) [9], and coordinate atten-
tion (CA) improve performance by recalibrating feature
weights. Nevertheless, existing attention mechanisms have
inherent limitations. SE and CBAM introduce excessive
computational overhead, while CA ignores cross-spatial in-
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teractions and relies on dimensionality reduction, leading
to the loss of fine-grained feature information.

Lightweight models aim to minimize parameter counts
and FLOPs while maintaining acceptable performance. Mo-
bileNetV1 first introduces depthwise separable convolution
to decompose standard convolution into depthwise and
pointwise convolutions, reducing computational cost by
8-9 times. MobileNetV2 further proposes inverted residu-
als and linear bottlenecks to enhance feature propagation.
ShuffleNet utilizes channel shuffling to address the infor-
mation isolation problem in group convolutions, enabling
efficient feature fusion. More recently, EfficientNet-Lite
scales model width, depth, and resolution in a balanced
manner to achieve better efficiency-performance trade-off.
However, these models still lack effective multi-scale fea-
ture modeling, limiting their performance on complex
datasets.

Multi-scale attention mechanisms focus on capturing
contextual information at different scales to improve fea-
ture representation. CBAM combines channel and spatial
attention in a sequential manner, but its two-stage design
increases inference latency. CA embeds positional informa-
tion into channel attention by 1D global average pooling,
butits 1 x 1 convolution-based dimensionality reduction
leads to feature degradation. The multi-scale linear atten-
tion (MSLA) module adopts parallel branches with differ-
ent convolution kernels to capture multi-scale features, but
it relies on complex linear attention calculations that are
not fully compatible with lightweight architectures. The
EMA module proposed in recent work addresses dimen-
sionality reduction issues, but its application in end-to-end
lightweight frameworks and comprehensive performance

evaluation remain insufficient.

Existing lightweight models struggle to balance multi-
scale feature capture and computational efficiency. Tra-
ditional attention mechanisms either introduce excessive
overhead or lose feature details, limiting their integration
into edge-deployable models [10, 11]. There is an urgent
need for a lightweight attention-enhanced framework that
can efficiently model multi-scale dependencies without
compromising feature integrity or increasing computa-
tional burden. The main contributions of this paper are
summarized as follows.

(1) A lightweight deep learning framework integrated with
an improved EMA module is proposed, which achieves ef-
ficient multi-scale feature extraction by combining channel
grouping and parallel branch design, avoiding dimension-
ality reduction-induced feature loss.

(2) The EMA module introduces cross-spatial learning to
fuse complementary features from 1 x 1 local and 3 x 3

global branches, enhancing the model’s ability to capture
long-range and short-range dependencies simultaneously.
(3) Comprehensive experiments on three benchmark
datasets verify that the proposed framework outperforms
state-of-the-art lightweight models and attention mecha-
nisms in terms of accuracy, parameter count, FLOPs, and
inference latency.

The remainder of this paper is organized as follows.
Section 2 elaborates on the materials and methods of the
proposed framework, including the overall network archi-
tecture, the detailed design and mathematical formulation
of the Efficient Multi-Scale Attention (EMA) module, as
well as a quantitative analysis of the module’s computa-
tional complexity. Section 3 presents the complete experi-
mental setup, including the benchmark datasets, training
configuration and evaluation metrics, and further reports
and discusses the experimental results-consisting of perfor-
mance comparisons with state-of-the-art methods, ablation
studies on the EMA module’s key components, the impact
of the channel group hyperparameter on model perfor-
mance, and a robustness evaluation under common data
perturbations. Finally, Section 4 concludes the key findings
of this research and outlines the directions for future work
to optimize and extend the proposed framework.

2. Materials and methods

2.1. Overall Architecture

The proposed lightweight framework is built on a mod-
ified MobileNetV2 backbone as shown in Fig. 1, where
the EMA module is inserted after each inverted residual
block to enhance feature representation. The overall archi-
tecture consists of four main parts: input preprocessing,
stem layer, lightweight feature extractor with EMA mod-
ule, and classification head. The input preprocessing step
normalizes images to [0, 1] and applies random data aug-
mentation (random cropping, horizontal flipping, and color
jitter). The stem layer uses a 3 x 3 convolutional layer with
stride 2 to reduce spatial resolution and increase channel
dimension. The feature extractor consists of 12 inverted
residual blocks grouped into 5 stages with EMA module in-
serted after the 3rd, 6th, 9th, and 12th blocks to recalibrate
multi-scale features. The classification head employs global
average pooling, a 1 x 1 convolutional layer for channel
compression, and a softmax layer to output class probabili-
ties.

2.2. Efficient Multi-Scale Attention (EMA) Module

The EMA module is the core component of the proposed
framework, designed to capture multi-scale contextual in-
formation efficiently [12]. Its structure consists of three
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Overall architecture of the proposed lightweight deep learning
framework based on modified MobileNetV2 backbone EMA modules are
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Fig. 1. Proposed lightweight framework
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key stages: channel grouping, parallel multi-branch feature
extraction, and cross-spatial fusion. The detailed design is
illustrated in Fig. 2.
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Fig. 2. Architecture of the Efficient Multi-Scale Attention
(EMA) module

2.2.1. Channel Grouping

Given an input feature map X € RE*HXW where C, H,
and W denote channel number, height, and width respec-
tively, the EMA module first divides X into G subgroups

s XG*]L
where X; € R(C/G)xHxW Thjg grouping strategy ensures

along the channel dimension: X = [Xp, X3,...

that spatial semantic features are uniformly distributed
within each subgroup and reduces the computational cost
of subsequent attention calculations. The number of groups
G is set as a hyperparameter (default G = 4 ) to balance
efficiency and performance.

2.2.2. Parallel Multi-Branch Feature Extraction

To break the bottleneck of traditional single-branch or se-
quential multi-branch structures that cannot simultane-
ously balance local-global feature capture and computa-
tional efficiency, we propose a lightweight parallel dual-
branch architecture for multi-scale feature extraction. This
innovative design abandons the redundant convolution
operations and sequential processing paradigm of exist-

ing attention modules (e.g., CBAM, MSLA), and constructs
two mutually complementary branches with strict com-
putational constraints, realizing synchronous extraction of
fine-grained local features and large-receptive-field global
features while maintaining the lightweight property of the
framework. The core innovation lies in the task-specific
branch customization, each branch is tailored to its fea-
ture modeling goal, and the dimension consistency design
avoids additional alignment overhead, which is fundamen-
tally different from traditional multi-branch modules that
pursue complex structures at the cost of efficiency.

(1) 1 x 1 Convolution Branch. Unlike traditional 1 x 1 con-
volution branches that only model cross-channel depen-
dencies, this branch innovatively integrates orthogonal 1D
global average pooling (GAP) to encode positional infor-
mation into channel attention, solving the problem that
conventional channel attention mechanisms (e.g., SE, CA)
decouple positional cues from channel weights. Specif-
ically, two orthogonal 1D GAP operations are applied
to the subgroup X; along the height H and width W di-
rections, respectively generating Fl-}"1 € RIC/CPIXW (re.
taining channel-wise variations across width) and Ff‘i €
R(C/G)*Hx1 (preserving channel-wise variations along
height). This design ensures that the channel attention
learned subsequently is not only related to feature inten-
sity but also tied to spatial positions, enabling the module
to distinguish fine-grained local details (e.g., edges, tex-
tures) of objects at different spatial locations. Moreover,
a shared 1 x 1 convolution layer without dimensionality
reduction is adopted to learn adaptive channel weights,
this is a deliberate innovation compared to CA, which re-
lies on dimensionality reduction to reduce computation,
as it completely avoids feature information loss caused
by dimension compression, ensuring that positional and
channel information are fully preserved in local feature
modeling. The final output F;; € R(C/C)<HXW realizes the
organic fusion of local positional cues and cross-channel
dependencies, which is unavailable in existing lightweight
attention branches.

(2) 3 x 3 depthwise convolution branch. To expand the
receptive field for global contextual capture without expo-
nential parameter growth, this branch innovatively adopts
depthwise convolution (DWConv) with batch normaliza-
tion and ReLU activation, realizing efficient global feature
modeling with minimal computational cost. The key inno-
vation here is the receptive field expansion under param-
eter constraint compared to standard 3 x 3 convolution,
depthwise convolution decomposes the spatial-channel
joint convolution into channel-wise spatial convolution,
reducing the parameter count by a factor of C/G for the
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same input dimension, which is a critical optimization for
lightweight architectures. Furthermore, the 3 x 3 kernel
size is selected based on the trade-off between receptive
field size and computation: it is large enough to capture
contextual relationships between non-adjacent pixels (re-
alizing global feature correlation) and small enough to
avoid over-smoothing of local details, which is superior
to MSLA's arbitrary kernel size selection that ignores com-
putational balance. The batch normalization and ReLU
activation inserted after DWConv further enhance feature
normalization and non-linearity, enabling the branch to
model complex global contextual patterns without addi-
tional parameters. Notably, the branch retains the original
spatial resolution and channel dimension, which is an in-
novative design compared to global branches that rely on
pooling to expand receptive fields (which cause spatial
information loss), ensuring that global features can be ef-
fectively fused with local features in subsequent steps.

Another notable innovation of the parallel branch de-
sign is the symbiotic complementarity between the two
branches. The local branch provides positional-aware fine-
grained features, while the global branch supplies large-
receptive-field contextual features, and their consistent out-
put dimensions eliminate the need for upsampling, pooling,
or dimension adjustment operations. This not only reduces
computational overhead but also ensures that the feature
fusion in the subsequent stage is based on complete and
undistorted feature information, forming a closed-loop of
efficient extraction-complementary fusion that is not found
in traditional parallel branch structures.

Each subgroup X; is fed into two parallel, lightweight
branches to capture complementary multi-scale features
while minimizing computational overhead. The dual-
branch design is deliberately constructed to balance local
fine-grained feature modeling and global contextual infor-
mation capture, addressing the limitation of single-branch
structures that struggle to cover diverse spatial scales of
objects in images. Unlike existing multi-branch attention
modules that adopt sequential processing or redundant
convolution operations, the proposed parallel architecture
ensures simultaneous feature extraction, avoiding cumula-
tive latency and maintaining the lightweight nature of the
framework.

2.2.3. Cross-Spatial Fusion

The core innovation of the cross-spatial fusion module
lies in proposing a dual-guided mutual calibration mecha-
nism, which fundamentally changes the traditional fusion
paradigm of simple element-wise addition or concatena-
tion that cannot fully exploit the correlation between multi-
scale features. This mechanism explicitly models the in-

terdependencies between the 1 x 1 local branch and 3 x 3
global branch by using the global semantic information of
each branch to guide the attention calibration of the other
branch, realizing dynamic weighting and mutual enhance-
ment of complementary features. Compared to existing
fusion strategies, this design achieves three key innova-
tions: mutual guidance between branches, spatial-channel
joint calibration, and adaptive redundancy suppression,
which significantly improves the discriminative power of
fused features while maintaining computational efficiency.

Global information encoding. Unlike traditional fusion
modules that only encode global information from a single
branch, this step innovatively generates two global fea-
ture vectors G and Gy from the local and global branch
outputs, respectively, forming dual global guides for subse-
quent attention calibration [13, 14]. Specifically, 2D GAP is
applied to local branch F;; to generate G; € R(C/G)x1x1
which encapsulates the global distribution of local fine-
grained features; similarly, 2D GAP is applied to global

(€/6)! which encodes the

branch F; ; to generate G, € R
global contextual characteristics of the subgroup. This dual-
guide design ensures that the subsequent fusion process
is not dominated by a single branch, but rather achieves
mutual calibration between local and global semantics, a
critical innovation compared to one-way guided fusion, as
it avoids bias towards either local or global features and
lays the foundation for balanced multi-scale fusion. At-
tention map generation. This step innovatively models
the cross-correlation between branches to generate comple-
mentary spatial attention maps, which is a fundamental
difference from traditional spatial attention that only fo-
cuses on a single branch’s feature distribution. Specifically,
the global vector G from local branch is broadcast to match
the spatial dimension of F;,, and the matrix dot product
between the expanded G; and transposed F; ; is computed
to measure the correlation between local global semantics
and global spatial features. The softmax-normalized result
Ay € REXW highlights spatial regions that are consistent
with local fine-grained semantics, suppressing global re-
gions irrelevant to local details. Conversely, G, from global
branch is broadcast to match F;; (local branch), and the
dot product with transposed F;; generates Ay € RF*W,
which emphasizes regions aligned with global context. This
cross-branch correlation modeling realizes mutual guid-
ance between the two branches. The local branch’s global
semantics calibrate the global branch’s spatial attention,
and vice versa, solving the problem that traditional atten-
tion maps are only guided by internal branch information
and lack cross-scale correlation awareness. Feature Recali-
bration and Concatenation. The final innovation lies in the



Journal of Applied Science and Engineering 32 (2026) 26032002 5

adaptive mutual enhancement of features through the ag-
gregated attention map and the preservation of subgroup
diversity through channel concatenation. The two attention
maps Aj and Aj are aggregated via element-wise addition
and sigmoid activation to generate A, which dynamically
integrates the complementary spatial weights from both
branches. When applied to the original subgroup X; via
element-wise multiplication, A not only enhances discrim-
inative regions (e.g., object cores) but also suppresses re-
dundant background information, this is different from
traditional feature recalibration that only weights features
based on single-scale attention, as it achieves joint weight-
ing based on both local and global semantics. After re-
calibration, the enhanced subgroups X! are concatenated
along the channel dimension to reconstruct the full-channel
feature map Y. This concatenation strategy preserves the
diversity of features from different subgroups, avoiding
feature homogenization caused by element-wise fusion,
and further strengthens the multi-scale feature expression
capability of the module.

In summary, the cross-spatial fusion module’s innova-
tion is not limited to the combination of multi-scale fea-
tures, but rather constructs a dual-guided mutual calibra-
tion mechanism that realizes the organic integration of
local positional details and global contextual information.
This mechanism explicitly models the interdependencies
between branches, dynamically adjusts feature weights
based on cross-scale correlations, and fundamentally im-
proves the discriminability and integrity of fused features-
outperforming traditional fusion strategies that either sim-
ply stack features or ignore cross-branch correlations.

2.2.4. Mathematical Formulation

The entire process of the EMA module is formulated as
follows.

1. Channel grouping.

X; = Group(X,G,i), i=0,1,...,G—1 (1)
2. 1 x 1 branch processing.
Yy = GAP, (X;) )
Ff‘i = GAPy (X;) 3)
_ h w
Fi1 = Convyygq (Reshape (Fi,l & Fi,l>> 4)

3. 3 x 3 branch processing.

F;» = DW Convsys (X;) )

4. Cross-spatial fusion and attention generation.

G1 = GAPyp (Fi1) (6)
G2 = GAPyp (Fi2) 7)
Ay = Softmax <G1 : F,-’TZ) ®)
Ay = Softmax <Gz : 1—"5) )
X =X;00 (A1 + Ay) (10)
5. Output concatenation:
Y = Concat (Xg, X},..., Xg_1) (11)

Where GAP denotes global average pooling. & denotes
tensor concatenation. ® denotes element-wise multiplica-

tion.

2.3. Computational Complexity Analysis

The computational complexity of the EMA module is ana-
lyzed in terms of FLOPs (Floating-Point Operations). For
an input feature map with C = 512, H = W = 32, and
G=4
(1) Channel grouping: No FLOPs, as it only involves tensor
splitting.
(2) 1 x 1 branch: The 1D GAP operations have O((C/G) x
H x W) FLOPs, and the shared 1 x 1 convolution has
O((C/G) x C/G) FLOPs.
(3) 3 x 3 depthwise convolution: O((C/G) x H x W x 3 x
3) FLOPs.
(4) Cross-spatial fusion: The dot product operations have
O(H x W x (C/G)) FLOPs.

Total FLOPs of the EMA module are 0.82 x 10°, which
is 31.2% lower than CBAM ( 1.19 x 10° ) and 18.7% lower
than CA (1.01 x 10° ), confirming its lightweight property.

3. Results and discussion

3.1. Experimental Setup

CIFAR-100: A dataset contains 60,00032 x 32 color images,
it is divided into 100 classes (600 images per class). It is
split into 50,000 training images and 10,000 test images [15].

ImageNet-1k. A large-scale dataset with 1.2 million
training images and 50,000 validation images, covering
1,000 object classes. Images have variable resolutions, re-
sized to 224 x 224 for training [16].

Tiny-ImageNet. A subset of ImageNet is with 100,000
training images, 10,000 validation images, and 10,000 test
images, belonging to 200 classes. Images are fixed at 64 x 64
resolution [17].
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The framework is implemented using PyTorch 2.0 and
trained on 4 NVIDIA RTX 3090 GPUs. The training param-
eters are set as follows. Optimizer is AdamW with weight
decay of le-4, initial learning rate is le-3 with cosine an-
nealing scheduling, batch size is 128 for CIFAR-100/Tiny-
ImageNet and 64 for ImageNet-1k. Total epochs are 200
with a warm-up period of 10 epochs [18]. Data augmenta-
tion includes random cropping, horizontal flipping, color
jitter, and CutMix (a« = 1.0). The loss function is cross-
entropy loss with label smoothing (¢ = 0.1).

The main evaluation metrics include Top-1/Top-5 clas-
sification accuracy, parameter count (Params), FLOPs, and
inference latency (Latency, measured on a single NVIDIA
RTX 3090 GPU for 1000 runs). All metrics are averaged
over 3 independent training runs to ensure reproducibility.

3.2. Comparison with State-of-the-Art Methods

Table 1 compares the proposed framework with state-of-
the-art lightweight models and attention-enhanced vari-
ants on ImageNet-1k. The proposed framework achieves
the best trade-off between accuracy and efficiency. It out-
performs MobileNetV2 by 3.2% in Top-1 accuracy with
15.6% fewer parameters and 18.2% lower FLOPs. Com-
pared with MobileNetV2-CA (MobileNetV2 integrated
with CA), it improves Top-1 accuracy by 2.1% and reduces
latency by 12.3%. Although ViT-Lite has higher accuracy,
it requires 3.8 X more parameters and 4.2x more FLOPs,
making it unsuitable for edge deployment.

Table 2 presents the performance on CIFAR-100 and
Tiny-ImageNet. On CIFAR-100, the proposed framework
achieves 68.3% Top- 1 accuracy, which is 2.7% higher than
MobileNetV2 and 1.5% higher than MobileNetV2-CA. On
Tiny-ImageNet, it outperforms all lightweight models with
59.7% Top-1 accuracy, confirming its ability to handle small-
resolution images and diverse object classes. The parameter
count and FLOPs of the proposed framework are consis-
tently lower than competing methods, demonstrating its
lightweight advantage.

* Baseline: MobileNetV2 without any attention module.

¢ Baseline + EMA (no grouping): EMA module without
channel grouping.

¢ Baseline + EMA (no 3 x 3 branch): EMA module with
only 1 x 1 branch.

¢ Baseline + EMA (no cross-spatial fusion): EMA mod-
ule without cross-spatial learning.

¢ QOurs: Baseline + full EMA module.

Table 3 shows the ablation results. Removing any com-
ponent of the EMA module leads to performance degrada-
tion:

¢ Without channel grouping, Top-1 accuracy decreases
by 1.3% and FLOPs increase by 22.3%, as the lack of
grouping increases computational burden and reduces
feature uniformity.

¢ Without the 3 x 3 branch, accuracy drops by 0.9%, con-
firming the importance of global multi-scale feature
capture.

¢ Without cross-spatial fusion, accuracy decreases
by 1.1%, as complementary features from parallel
branches cannot be effectively integrated.

The full EMA module achieves the highest accuracy with
the lowest FLOPs, verifying the rationality of its design.

G = 4 achieves the optimal balance of accuracy and
efficiency. Excessively large G (e.g.,, G = 16 ) leads to
accuracy degradation due to over-grouping and feature
isolation. Table 5 tests the model’s performance when fac-
ing common data perturbations, including Gaussian noise,
salt-and-pepper noise, and brightness adjustment.

The proposed framework maintains higher accuracy
under all perturbation levels, verifying its strong feature
representation and anti-interference ability. The EMA mod-
ule’s cross-spatial fusion mechanism helps preserve dis-
criminative features even when the input is distorted.

4. Conclusions

This paper proposes a lightweight deep learning frame-
work for image classification, which integrates an Efficient
Multi-Scale Attention (EMA) module to achieve efficient
and high-performance feature extraction. The EMA mod-
ule adopts channel grouping, parallel multi-branch archi-
tecture, and cross-spatial fusion to capture multi-scale con-
textual information without dimensionality reduction, bal-
ancing feature integrity and computational efficiency. Com-
prehensive experiments on CIFAR-100, ImageNet-1k, and
Tiny-ImageNet demonstrate that the proposed framework
outperforms state-of-the-art lightweight models and atten-
tion mechanisms in terms of accuracy, parameter count,
FLOPs, and inference latency. Ablation studies confirm the
effectiveness of each component in the EMA module, and
feature visualization verifies its ability to focus on discrimi-
native regions.

Future work will focus on two directions: (1) Optimiz-
ing the EMA module for dynamic channel grouping to
adapt to different image scales and object categories. (2)
Extending the framework to other computer vision tasks
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Table 1. Performance comparison on ImageNet-1k

Model Top-1 Acc (%) Top-5Acc (%) Params (M) FLOPs(G) Latency (ms)

MobileNetV2 71.8 90.4 3.5 0.32 2.1
ShuffleNetV2 72.5 91.0 2.8 0.29 1.9
EfficientNet-Lite0 74.0 91.8 39 0.38 2.3
MobileNetV2-CA 73.0 91.2 3.7 0.35 2.4
MobileNetV2-CBAM 73.5 91.5 4.1 0.41 2.7

Model Top-1 Acc (%) Top-5 Acc (%) Params (M) FLOPs(G) Latency (ms)

ViT-Lite 76.2 92.9 13.3 1.34 8.6
Proposed 75.0 92.3 2.95 0.26 212

Table 2. Performance comparison on CIFAR-100 and Tiny-ImageNet.

Model CIFAR-100 Tiny-ImageNet Params FLOPs
Top-1 Acc (%)  Top-1 Acc (%) M) (G)
MobileNetV2 [ref_mobilenet] 65.6 56.2 35 0.32
ShuffleNetV2 [ref_shufflenet] 66.3 57.1 2.8 0.29
EfficientNet-Lite0 [ref_effnet] 67.1 58.3 3.9 0.38
MobileNetV2-CA [ref_mobilenet_ca] 66.8 58.0 37 0.35
Proposed (ours) 68.3 59.7 2.95 0.26

Note: Ablation studies conducted on ImageNet-1k verify each component’s effectiveness. Baseline: MobileNetV2 [19, 20]

Table 3. Ablation study results on ImageNet-1k

Variant Top-1 Acc (%) Params (M) FLOPs (G)
Baseline 71.8 35 0.32
Baseline + EMA (no grouping) 737 33 0.39
Baseline + EMA (no 3 x 3 branch) 74.1 3.0 0.24
Baseline + EMA (no cross-spatial fusion) 739 3.0 0.25
Proposed 75.0 2.95 0.26

Table 4. Impact of Channel Group Number (G) on Model Performance (ImageNet-1k)

G Value Top —1 Acc (%) Params (M) FLOPs(G) Latency (ms)

1 73.7 3.3 0.39 2.45
2 744 3.1 0.31 2.28
4 75.0 2.95 0.26 2.12
8 74.8 29 0.25 2.08
16 74.1 2.85 0.24 2.05

Table 5. Robustness Evaluation Under Data Perturbation (CIFAR-100, Top-1 Acc %)

Perturbation Type Perturbation Level ~MobileNetV2 MobileNetV2-CA  Proposed Framework

No Perturbation - 65.6 66.8 68.3
Gaussian Noise o =0.05 62.1 63.5 65.2
Gaussian Noise oc=0.1 58.7 60.2 62.5
Salt-and-Pepper Noise Density = 0.05 61.5 62.9 64.7
Salt-and-Pepper Noise Density=0.1 57.3 58.8 61.1
Brightness Adjustment +30% 63.2 64.5 66.3
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