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Traditional packaging image recognition methods rely on manual detection or manual feature extraction,
which has the problems of low efficiency and poor adaptability, while existing deep learning models still
face challenges when dealing with complex backgrounds, small target detection, and category imbalance.
The purpose of this paper is to design an efficient and reliable product packaging image recognition system.
By proposing a multi-scale attention fusion network (MSAFNet), this paper integrates a lightweight hybrid
backbone network (combined with EfficientNet and ResNet), a dual attention module (DAM) to enhance feature
focusing, an adaptive multi-scale feature pyramid (AFPN) to optimize multi-scale fusion, and a multi-task
learning framework to jointly optimize detection and classification. The proposed model achieves an mAP@0.5
of 89.6% on the COCO dataset, outperforming the baseline by 4.4% while maintaining real-time performance at
40 FPS with only 8.9 M parameters. It demonstrates strong robustness with a low performance degradation
rate of 10.8% and good generalization with only 6.1% cross-dataset degradation. These results highlight its
effectiveness in balancing accuracy, efficiency, and scalability for industrial applications. The architecture design
and system validation confirm its suitability for automated packaging detection tasks. However, performance
under extreme occlusion remains a limitation and can be improved through future self-supervised learning
approaches.
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1. Introduction

With the growth of industrial automation, automatic recog-
nition of product packaging images has become vital for
food safety, quality control, and logistics. Traditional man-
ual or feature-based methods are inefficient and subjective,
while CNNs face challenges with complex backgrounds,
small targets, class imbalance, and real-time constraints,
limiting practical deployment. The contribution of this pa-
per is to achieve the collaborative improvement of accuracy
and efficiency (for example, mAP@0.5 in the test reaches
89.6%, and the number of parameters is only 8.9 M), which
provides a scalable solution for industrial applications and

verifies the generalization and practicability of the model
through system experiments.

2. Materials, methods and related works

Convolutional Neural Networks (CNNs) have advanced
image recognition, enabling industrial automation and in-

telligent detection.

1. Evolution and optimization of core algorithms for im-
age classification

Image classification, a core task in computer vision,
focuses on improving accuracy and efficiency through
model optimization. Early work by Chaganti et al. [1]
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fused SVM with CNN:s for stability but struggled with
complex textures. Liu et al. [2] used multi-level feature
aggregation, improving accuracy by ~5% at the cost
of high computation. Greeshma and Gripsy [3] com-
bined HOG and LBP with CNNs for low-resolution
images, though generalization suffered. Alom et al.
[4] leveraged Inception-Residual networks to reduce
vanishing gradients, achieving 83.1% top-5 accuracy
on ImageNet with higher training complexity. EvoD-
CNN by Hassanzadeh et al. [5] optimized layers via
genetic algorithms, reaching 96.2% on CIFAR-10 but
with longer search time. Tripathi [6] noted excessive
parameters limit real-time performance, while Hasan
et al. [7] simplified kernels for edge devices, losing
only 2.1% accuracy.

. Research on the adaptation of industry to specific ap-
plication scenarios

In practical applications, CNNs need customized de-
signs to handle domain-specific challenges like com-
plex backgrounds and small targets. In agriculture,
Yang et al. [8] achieved 98% apple recognition via
transfer learning, but performance dropped under
changing illumination. Ren et al. [9] highlighted multi-
scale feature fusion for defect detection, though lim-
ited labeled data hampers deployment. In food analy-
sis, Liu et al. [10] detected fat content with < 5% error,
but struggled in noisy environments. Zhang et al. [11]
reached an F1 of 0.89 for waste classification, yet rare
classes were missed. Adi et al. [12] achieved > 90%
accuracy in foreign object detection, but low-contrast
targets remained challenging. Masood et al. [13] im-
proved scene recognition using contextual features.

. Integration of emerging architectures and interdisci-
plinary technologies

The integration of CNNs with quantum computing
and spiking neural networks has opened new direc-
tions. Li et al. [14] proposed a quantum deep CNN
achieving 99.2% on MNIST, but requiring quantum
hardware. Chen et al. [15] optimized quantum kernels,
reducing error by 3.5%, though classical-quantum
interfaces remain inefficient. Basha et al. [16] used
quantum dilated CNNs (Dice 0.91) with weak noise
resistance. Ngu and Lee [17] converted CNNs to
SNNSs, cutting energy use by 60% with ~ 8% accuracy
loss. Guizilini et al. [18] applied 3D packing for self-
supervised depth estimation, reducing KITTI errors
by 11%. Jacob and Darney [19] developed lightweight
CNN:s for IoT, enabling real-time recognition but los-
ing detail. Zhang et al. [20] improved FCNs for pack-

aging segmentation (IoU 0.85) but struggled with ex-
treme deformations. Aburass et al. [21] enhanced ro-
tation robustness by 15% via geometric invariance,
yet non-rigid deformations remain challenging. These
works expand CNN designs but hardware-algorithm
integration remains difficult.

4. Enhancing model interpretability and robustness

Enhancing model transparency and robustness against
interference are crucial for ensuring reliable deploy-
ment. Dai et al. [22] critically analyzed the feature
bias of CNNs and found that the model overly relies
on texture features rather than shape features. After
mitigating the bias through adversarial training, the
classification consistency improved by 12%. Nauta et
al. [23] proposed a neural prototype tree structure that
visualizes the decision-making process as prototype
matching.

Cao [24] investigates modern packaging design
through the lens of big data, highlighting how de-
signers optimize product appearance and enrich pack-
aging connotations to enhance consumer perception.

3. Model construction

3.1. Model overview

This paper proposes MSAFNet, a CNN-based model for
automatic packaging image recognition, integrating a
lightweight backbone, attention mechanism, multi-scale
feature pyramid, and adaptive loss to handle small objects,
complex backgrounds, and class imbalance. Its overall
architecture is shown in Fig. 1, highlighting the core inno-
vations.

1. Lightweight hybrid backbone network: Combining
the lightweight design of EfficientNet and the residual
connection of ResNet, it ensures accuracy and reduces
computational costs.

2. Dual Attention Module (DAM): It integrates channel
and spatial attention to enhance feature representation
capabilities.

3. Adaptive Feature Pyramid Network (AFPN): It dy-
namically integrates features of different scales to im-
prove small target detection performance.

4. Multi-task learning framework: It simultaneously
completes target detection (such as packaging defect
localization) and image classification (such as packag-
ing type identification), and improves generalization
capabilities through weight sharing.
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5. Improved loss function: It combines Focal Loss and
PolyLoss to solve the problem of category imbalance.
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i
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¥
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Fig. 1. Overall architecture of MSAFNet. The framework
integrates a hybrid backbone network, attention modules,
and a multi-scale feature pyramid to improve feature
extraction and object detection performance for product
packaging images.

The proposed MSAFNet framework integrates multiple
advanced components to achieve efficient and accurate
packaging image recognition.

3.2. Lightweight hybrid backbone network

In order to balance the computational efficiency and feature
extraction ability, this paper uses EfficientNet-BO as the
basis and introduces the residual block of ResNet to build a
hybrid backbone network. EfficientNet-B0O and ResNet are
selected due to their complementary advantages in feature
extraction.

Y =F(X,{W})+ X (1)

The hybridization of EfficientNet-B0 and ResNet is ex-
pected to outperform single-backbone approaches due
to their complementary characteristics. The selection of
EfficientNet-B0 and ResNet as the hybrid backbone is moti-
vated by their complementary feature extraction capabili-
ties and efficiency trade-offs.

3.3. Dual attention module (DAM)

Inspired by CBAM (Convolutional Block Attention Mod-
ule), this paper designs a dual attention module (DAM) to

deal with the importance of features in channel and spatial
dimensions in turn. DAM is embedded between the back-
bone network and the feature pyramid, and its structure is
shown in Fig. 2.
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Fig. 2. Structure of the Dual Attention Module (DAM).
The module captures both channel and spatial attention
information to enhance feature representation and
highlight important regions in packaging images.

Channel attention submodule: It employs a squeeze-
and-excitation mechanism. The input feature map U €
RH*WxC s first processed by global average pooling to
compress spatial information and generate channel descrip-

tors z € R€:

1 Ey
Ze = walzzl];uc(l’]) (2)

Then, the dependency relationship between channels
is learned through the two fully connected layers, and the
channel weights s, are output:

Sc =0 (WQ(S (le)) (3)

Among them, ¢ is the ReLU activation function, ¢ is the
Sigmoid function, and W; and W, are learnable parameters.
The weighted feature map U’ is:

U =s.-U @)

M :a<f7x7([1-"avgmax[]] 0) ()) )
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The final output feature map U” is:

u’ = M- U 6)

where U, U’, and U” denote the input feature map,
the channel-refined feature map, and the final attention-
enhanced feature map, respectively.

3.4. Adaptive multiscale feature pyramid network
(AFPN)

This paper improves BiFPN and proposes AFPN,

which adaptively fuses multi-scale features using learn-

able weights (Fig. 3).

{P2, P3, P4, P5}, AFPN applies the adaptive fusion for-

mula:

Given input feature maps

Wi
P :E . p 7
out - €+ijj 1 ()

where P; represents the input feature maps at different
pyramid levels, w; denotes the learnable fusion weight,
and ¢ = 0.0001 is used to avoid numerical instability.

The improvement of AFPN over BiFPN is primarily
attributed to its adaptive weighting mechanism, which
dynamically adjusts the contribution of feature maps from
different pyramid levels. Unlike BiFPN, where feature
fusion weights are fixed after normalization, AFPN learns
the importance of each scale during training based on the
input data distribution.

Among them, w; is the weight of each feature map,
and numerical instability is avoided by fast normalization
(e = 0.0001). AFPN takes a bi-directional (top-down and
bottom-up) path to enhance the feature flow by jumping
connections with the following formula:

- P, - Re size (P
Pt — Conv (wl % + wo - Resize ( 7)) ®)
w1 +wy+¢
I.p . ptd ! .Resi pout
POt = conv wy 6"’“’2/ 6 /4“"3/ esize (Pg™)
wy + Wy + (e +e
©)
AFPN outputs enhanced multiscale features

{Ny, N3, Ny} for subsequent multi-task learning heads.
During feature aggregation, the adaptive weights dy-
namically regulate the contribution of each pyramid level
according to the spatial characteristics of the input features.
The weights are initialized uniformly and updated
through backpropagation based on their contribution to
multi-scale feature fusion. In scenarios with significant
scale variation, shallow feature maps (high-resolution) re-
ceive increased weights for small objects, while deeper
feature maps (low-resolution) are emphasized for larger
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Fig. 3. Structure of the Adaptive Feature Pyramid
Network (AFPN). The module performs multi-scale
feature fusion to effectively detect objects of different sizes
and improve detection accuracy.

objects. The feature fusion process is defined in a struc-
tured manner, where weighted feature maps from different
pyramid levels are normalized and aggregated to produce
enhanced multi-scale representations.

3.5. multi-tasking learning header

MSAFNet adopts a multi-task learning framework that
handles object detection and image classification simulta-
neously:

Multi-task optimization, gradients from the detection
head (regression and classification) and the parallel classifi-
cation branch are computed independently and scaled by
A1 and Aj. During training, gradients from the detection
and classification branches are computed independently
and scaled using predefined weighting factors to control
their relative influence.

Classification header: Global average pooling followed
by a fully connected layer, which outputs the probability
distribution of packaging types (such as carton, plastic,
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metal, etc.).

Ltotal = /\1Ldet + )\ZLcls (10)

where Lget represents the detection loss, L denotes the
classification loss, and A; and A, are balancing weights
used to control the contribution of each task, which are set
to 1.0 and 0.5 in the experiments. This decoupling reduces
feature competition and improves spatial precision when
multiple objects are closely packed.

The weighting coefficients for detection and classifica-
tion tasks are selected to ensure balanced optimization
within the multi-task learning framework

3.6. Improved loss function

Bounding box loss: EIoU Loss (Enhanced Intersection over
Union) is used to solve the width-height coupling problem
of CloU:

2 t 2 t 2 t
p? (b,08)  p (w,wf) | % (I 1)
Lpox = 1~ ToU + = 2 >
(11)

Classification loss: Using PolyLoss, the polynomial form
of Focal Loss is generalized to improve learning on hard
samples:

C
Los—det = — Z (1 - pf),y lOg (pC) + 51}7% (12)

c=1
Among them, v is the focusing parameter and ¢, is the
polynomial coefficient.

N
Las = — Y yilog () + &2 (1 — §;)° (13)
i

The proposed loss formulation integrates the advan-
tages of Focal Loss and PolyLoss to effectively address
class imbalance and enhance learning from hard samples
in packaging classification tasks.

4. Result and discussion

This experiment evaluates MSAFNet’s performance in
packaging image recognition across accuracy, robustness,
efficiency, interpretability, generalization, and real-time ca-
pability. Controlled tests and ablation analyses assess its
reliability in complex industrial scenarios.

4.1. Test methods

The datasets include: COCO (Common Objects in
Context) dataset (URL: http://cocodataset.org/),
which contains 80 object categories covering daily
packaged items; ImageNet dataset (URL: http://image-
net.org/), which includes 1000 categories and contains

packaging-related images; Open Images Dataset v6 (URL:
https:/ /storage.googleapis.com/openimages/web/index.html),
which contains 1.9 million images covering diverse packaging
scenarios.

Table 1 presents all evaluation metrics used in this study to
provide a clear and standardized description of the experimental
setup. Data augmentation techniques are employed to simulate
real-world variations in packaging environments. These include
random horizontal flipping with a probability of 0.5 , random
rotation within £15°, brightness and contrast adjustments with
scaling factors ranging from 0.8 to 1.2, and Mosaic augmentation to
enhance contextual diversity and improve small object detection.

To further verify the effectiveness of the model, two additional
experiments were conducted:

1. Cross-dataset generalization is evaluated by pre-training
MSAFNet on COCO train2017 and fine-tuning on three ex-
ternal datasets: Open Images Dataset v6 (packaging subset),
PackNet (https:/ / github.com/packnet-dataset), and Google
Open Images (packaging categories).

2. Real-time test: Evaluate the inference efficiency of the model
on different hardware platforms, including high-end GPU
(NVIDIA RTX 3080), edge device GPU (NVIDIA Jetson Xavier
NX), and CPU (Intel i7-10700K).

The selection process involved filtering dataset annotations
using predefined keywords and category labels corresponding
to packaging-related objects. Categories that do not directly con-
tribute to packaging analysis, such as animals, natural scenes, or
unrelated objects, were excluded.

4.2. Test results
1. Performance comparison test

The performance test uses the COCO dataset, comparing
MSAFNet with YOLOV5s, Faster R-CNN, and EfficientDet-
DO under a standard evaluation protocol. Training uses
COCO train2017 (118k images), validation uses val2017 (5k
images), and metrics include mAP@0.5.

At the per-class level, metrics such as precision, recall, and
mARP are evaluated for each packaging category to identify
class-wise performance variations, particularly for small and
less frequent object classes.

mAP@0.5:0.95, and F1 score. Models are trained for 300
epochs with batch size 16 using the Adam optimizer (learning
rate 0.001 ). The test results are shown in Table 2. The test
results are shown in Table 2.

A statistical significance analysis using a paired t-test was
conducted on MSAFNet's mAP@0.5 versus YOLOvV5s, Faster
R-CNN, and EfficientDet-DO0. Results show p-values below
0.05, confirming that MSAFNet's performance gains are sta-
tistically significant and reliable.

Table 3 presents the statistical significance analysis comparing
MSAFNet with YOLOv5s, Faster R-CNN, and EfficientDet-
DO using a paired t-test.

2. Robustness test

The robustness test evaluates model performance on the Ima-
geNet dataset under degraded conditions by adding Gaus-
sian noise, motion blur, and random occlusion. The mAP@0.5
decrease rate (difference between original and degraded per-
formance) is calculated, with results shown in Table 4.
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Table 1. Evaluation Metrics Used for Model Performance Assessment.

Metric Description
mAP@0.5 Mean Average Precision at IoU threshold 0.5
mAP @0.5:0.95 Mean Average Precision averaged across IoU thresholds 0.5 to 0.95
F1-score Harmonic mean of precision and recall
FPS Frames per second (inference speed)
Parameters Number of Learnable Parameters in millions (M)
FLOPs Computational complexity in GFLOPs

Table 2. Performance comparison test results (on COCO dataset).

Models mAP@0.5 (%) mAP@0.5:0.95(%) Flscore Inference Speed (FPS)
Faster R-CNN 78.5 56.3 0.81 12
YOLOv5s 85.2 62.1 0.87 45
EfficientDet-D0 82.7 59.8 0.84 38
MSAFNet (This article) 89.6 65.9 0.91 40
Table 3. Statistical significance test results.

Model Comparison Test Method  p-value Significance

MSAFNet vs YOLOv5s Paired t-test < 0.05  Significant

MSAFNet vs Faster R-CNN  Paired t-test < 0.05 Significant

MSAEFNet vs EfficientDet-D0  Paired t-test < 0.05 Significant

Table 4. Robustness test results (mAP @ 0.5% decrease rate).

Models Gaussian Noise Motion Blur Occlusion Average Drop
Condition Condition Condition Rate
Faster R-CNN 15.3 18.7 22.1 18.7
YOLOv5s 10.5 13.2 16.8 13.5
EfficientDet-DO 12.1 14.9 18.3 15.1
MSAFNet (This article) 8.2 10.5 13.7 10.8

Table 5. Practicality test results (Resource consumption and efficiency).

Models Parameter Quantity (M) FLOPs (G) FPS
Faster R-CNN 137.2 240.5 12
YOLOvV5s 75 16.5 45
EfficientDet-D0 5.3 12.8 38
MSAFNet (This article) 8.9 18.2 40
Table 6. Ablation test results of different modules.
Model Variant Precision Recall Fl-score mAP@0.5
w/o DAM 0.87 0.86 0.86 85.1
Channel Attention Only 0.89 0.87 0.88 86.7
Spatial Attention Only 0.88 0.88 0.88 86.2
MSAENet (Complete DAM) 0.92 0.90 0.91 89.6
3. Practicability Test 5. Interpretability test

Indicators include the number of parameters (Params), the
number of calculations (FLOPs), and the number of frames
per second (FPS). The test uses a batch size of 1 and an input
resolution of 640 x 640. The results are shown in Table 5.

. Ablation test

The ablation test evaluates the contribution of each key com-
ponent of MSAFNet on the COCO dataset is given in Table 6.

The test uses 100 packaging images from the Open Images
dataset, and the results are shown in Table 7.

Grad-CAM heatmaps are generated to visualize the regions
that contribute most to the model’s classification decisions.

. Generalization experiments across datasets

Cross-dataset generalization tests validate the generalization
ability of MSAFNet on unseen packaging image datasets. The
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Table 7. Interpretability test results (mean expert scores).

Models Attention Area Degree of Coincidence Comprehensive
Accuracy with Real Box Score
MSAFNet (This article) 45 43 44
YOLOvV5s 3.8 3.5 3.7
EfficientDet-DO 4 3.8 3.9

Table 8. Generalization test results across datasets (mAP @ 0.5%).

Models COCOval2017 Openlmages v6 PackNet Google OpenlImages Average Drop Rate
YOLOv5s 85.2 78.3 76.5 79.1 8.90%
EfficientDetDO 82.7 75.8 74.2 76.9 9.80%
MSAFNet (This study) 89.6 83.7 81.9 84.5 6.10%
Table 9. Real-time test results (reasoning efficiency and energy consumption).
Models Hardware Platform  FPS Delay (ms) Energy Consumption (Wh)

RTX 3080 45 222 1.2

YOLOvV5s Jetson Xavier NX 28 35.7 0.8

Intel i7 CPU 5 200 3.5

RTX 3080 38 26.3 1.1

EfficientDet-DO0 Jetson Xavier NX 22 45.5 0.7

Intel i7 CPU 4 250 3.8

RTX 3080 40 25.0 1.0

MSAFNet (This study) Jetson Xavier NX 25 40.0 0.6

Intel i7 CPU 4.5 222.2 3.2

Table 10. Quantitative Interpretability Evaluation Results.

Model IoU (%) Pointing Accuracy (%) Attention Precision  Attention Recall
YOLOvV5s 52.3 68.5 0.64 0.59
EfficientDetDO 55.1 71.2 0.67 0.62
MSAFNet 61.8 78.6 0.74 0.69

results are shown in Table 8.

7. Real-time test

Real-time tests evaluate the inference efficiency of the model
on different hardware platforms, including high-end GPUs,
edge device GPUs and CPUs. The results are shown in Ta-
ble 9.

The results indicate that MSAFNet achieves superior alignment
between attention regions and target objects, demonstrating im-
proved interpretability compared to baseline models is given in
Table 10.

4.3. Analysis and discussion

Motion blur simulates camera movement or conveyor belt speed
in industrial environments, leading to loss of edge sharpness and
boundary information Eq. (1) Analysis of experimental results The
performance comparison (Table 2) shows MSAFNet achieves an
mAP@0.5 of 89.6% on COCO, improving 4.4% over YOLOV5s.

The robustness test (Table 4) shows that the average perfor-
mance degradation rate of MSAFNet under Gaussian noise, mo-
tion blur, and occlusion conditions is only 10.8%, significantly
lower than that of the baseline model.

In the practicality test (Table 5), MSAFNet achieved an infer-
ence speed of 40 FPS with 8.9M parameters and 18.2G FLOPs,

achieving the best balance between accuracy and efficiency.

The interpretability experiment (Table 7) demonstrates through
Grad-CAM visualization that MSAFNet achieves an attention re-
gion accuracy score of 4.5, which is higher than that of the baseline
model.

In the cross-dataset generalization experiment (Table 8),
MSAFNet achieved an average decrease rate of only 6.1% on the ex-
ternal dataset, outperforming the baseline models with a decrease
rate ranging from 8.9% to 9.8%. The real-time performance test
(Table 9) shows that MSAFNet consumes only 0.6 Wh of energy
on the Jetson Xavier NX edge device and has a latency of 222.2 ms
on the CPU, balancing efficiency and resource consumption.

5. Conclusion

This study proposes MSAFNet, a CNN-based model for auto-
matic packaging image recognition, integrating a lightweight back-
bone, Dual Attention Module (DAM), and Adaptive Feature Pyra-
mid Network (AFPN) for enhanced feature representation and
multi-scale detection. Experiments on public datasets show that
MSAEFNet outperforms baseline models in accuracy, robustness,
and generalization. Future research will focus on introducing
self-supervised learning strategies to reduce data dependence,
designing dynamic inference mechanisms to further improve com-
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putational efficiency, and enhancing cross-domain generalization
ability to support more complex real-world packaging scenarios.
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