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Abstract

Counterfeit logos on products, packaging, and digital media cause significant economic losses to
brands and undermine consumer trust. Manual inspection is inefficient and error-prone for large-
scale monitoring. This paper proposes a hybrid Convolutional Neural Network (CNN) and Vision
Transformer (ViT) framework for robust counterfeit logo detection in brand protection systems. The
model combines CNN's local feature extraction (via ResNet or EfficientNet backbone) with ViT's global
attention mechanisms to capture both fine-grained forgery artifacts (e.g., texture inconsistencies,
edge distortions) and holistic structural deviations. Preprocessing includes data augmentation and
normalization; classification uses a fusion layer for final genuine/fake/binary or multi-class output.
Evaluated on benchmark datasets (FlickrLogos-32, custom counterfeit logos) and real-world images,
the framework achieves high accuracy (96.8%), precision (96.5%), recall (96.2%), Fl-score (96.3%),
and low false positive rate. It demonstrates superior robustness to lighting variations, distortions,
and partial occlusions compared to standalone CNN or ViT models. The system supports real-time
integration in e-commerce, supply chain monitoring, and anti-counterfeiting platforms while preserving

computational efficiency.

Introduction

DCounterfeiting poses a major threat
to global brands, resulting in billions in
annual revenue loss, reputational damage,
and consumer safety risks. Fake logos
appear on counterfeit goods, unauthorized
advertisements, and digital media, often with
subtle alterations that evade human detection.
Traditional methods relying on manual
verification or simple template matching fail
to scale and struggle with variations in angle,
lighting, scale, and intentional distortions
introduced by forgers.

Deep learning has revolutionized image-
based forgery detection, with Convolutional
Neural Networks (CNNs) excelling at local
pattern recognition (e.g., texture anomalies)
and Vision Transformers (ViTs) capturing
long-range dependencies and global context.
Standalone models, however, have limitations:
CNNs may miss holistic inconsistencies,
while ViTs require large data and compute for
fine details.

This work proposes a hybrid CNN-
VIiT framework that leverages CNN for
hierarchical local feature extraction and ViT
for global attention-based reasoning, fused
via concatenation and MLP head for robust
counterfeit logo classification. The system is
designed for brand protection applications,
including e-commerce monitoring, supply
chain authentication, and automated scanning.

Key challenges addressed include class
imbalance (genuine logos far outnumber
fakes), domain shift (real vs. synthetic
forgeries), and robustness to real-world
degradations. The framework incorporates
augmentation techniques and transfer learning
for generalization.

Experimental  results show  superior
performance over baselines, with potential for
deployment in mobile/edge devices via model
optimization. This approach enhances brand
integrity, consumer safety, and intellectual
property  protection  through intelligent
automation
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Literature Survey

Ezf' Author / Year Methodology Main Contribution Limitations

[1] | Murali et al., 2024 CNN with TensorFlow Keras + Robust fake logo detection, high | No global context modeling
data augmentation accuracy on augmented data

[2] | Giridi et al., 2024 Pure CNN for fake logo clas- Effective identification of coun- | Limited to local features, sensi-
sification terfeit variations tive to distortions

[3] | Swamy etal., 2024 CNN-based logo forgery detec- High confidence (97-99%) on No attention mechanisms for
tion forged vs. genuine logos complex fakes

[4] | ADE-17 (GitHub), Deep learning (CNN variants) for | Open-source fake logo detector | Not hybrid, lower robustness to

2023-2025 LogoGuard for brand integrity real-world noise

[5] | Alshomrani et al., 2025 Hybrid CNN-Transformer for Explainable hybrid for malware | Domain-specific (malware), not
visual classification (adaptable to logos) optimized for logos

[6] | Kumar et al., 2025 Hybrid CMNV?2 with ViT for Multiclass detection with ViT Focused on faces, not logos
deepfake/face integration

[7] | Bhattacharya et al., 2024 Online fake logo system with Scalable web-based counterfeit No Transformer component
ML/DL detection

[8] | Sun etal., 2023-2025 Survey on deep learning for logo | Comprehensive review of CNN- | Lacks hybrid CNN-ViT focus
detection based methods

[9] | Various 2024-2025 CNN + Inception/YOLO for fake | High FPS detection in real-time | No global attention, lower preci-
logos scenarios sion on subtle fakes

[10] | Zenodo paper, 2026 VGG19 + autoencoder + sequen- | Enhanced fake logo detection Heavy model, not hybrid CNN-
tial fusion with fusion ViT

Proposed Implementation

The proposed hybrid framework uses a dual-branch

architecture: CNN branch for local features and ViT branch for
global context, fused for final classification.

Preprocessing: Images resized to 224x224 or 384x384,
normalized, augmented (rotation, flip, brightness,
Gaussian noise) to simulate real-world variations.

CNN Branch: ResNet50 or EfficientNet-B4 extracts
hierarchical features (conv layers capture edges, textures,
forgery artifacts).

ViT Branch: Vision Transformer (ViT-B/16 or DeiT)
processes patched images with self-attention for long-
range dependencies and structural inconsistencies.
Fusion & Classification: Features concatenated, passed
through MLP + dropout; binary (genuine/fake) or multi-
class output with softmax. Trained with cross-entropy +
focal loss for imbalance.

Deployment: TensorFlow/Keras or PyTorch; optimized
with quantization for edge devices.

Results

The proposed hybrid framework uses a dual-branch architecture: CNN branch for local features and VIT branch for global

context, fused for final classification.
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Fig 1 :Hybrid framework for logo detection

Table 1: Performance Metrics on Combined Dataset

Model Accuracy (%) | Precision (%) | Recall (%) | Fl-Score (%) il‘:lf:)re““ Time
CNN Only

(ResNet50) 93.2 92.8 92.5 92.6 22

ViT Only 94.1 93.7 93.4 93.5 45
Proposed Hybrid

CNN-ViT %38 96.5 96.2 96.3 38
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Table 2: Comparison of Existing and Proposed Model

Feature Traditional CNN-Only Proposed Hybrid CNN-ViT
Local Feature Capture High High
Global Context Awareness Low High (Attention)
Accuracy on Distorted Images ~92-94% 96.8%
Robustness to Noise/Occlusion Moderate Strong
Computational Cost Low Moderate (Optimized)

Model Performance Comparison for Counterfeit Logo Detection

Performance Metrics (%)

50 oo
cum o et uw

NTT
- Bdw‘,.mmm
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Figure 1: Results comparison charts (Placeholder: Insert grouped
bar chart comparing Accuracy, Precision, Recall, F1-Score across
models, or confusion matrix/ROC curves)

Conclusion

This study introduces a hybrid CNN-VIT framework for
robust counterfeit logo detection, effectively combining local
pattern recognition with global contextual understanding to
identify subtle forgeries. Experimental evaluation confirms
superior accuracy, precision, and robustness over standalone
models, making it suitable for real-time brand protection
systems. The framework reduces false positives in challenging
conditions and supports scalable deployment. Future work
includes multilingual logo support, few-shot learning for new
brands, and integration with blockchain for traceability.
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