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Abstract

Recent advancements in generative technologies, such as Generative Adversarial Networks (GANs) and Latent
Diffusion Models, have enabled the creation of Al-generated synthetic images that are increasingly indistinguishable
from real ones, posing significant challenges for verifying the authenticity of visual content. This study develops a
DenseNet-121 model with hyperparameter optimization and the integration of Squeeze-and-Excitation (SE) attention
mechanisms at Early, Mid, and Late positions. Experiments were conducted using the CIFAKE dataset with a
resolution of 32x32 pixels to compare the baseline Plain model with three SE variants. Hyperparameter optimization
was applied to maximize model performance. The results demonstrate that the Plain DenseNet-121 with optimized
hyperparameters achieved an accuracy of 98.52%, outperforming the standard configurations reported in previous
studies. The integration of SE yielded varied outcomes, where Mid SE attained the highest accuracy of 98.56%, while
Early SE (98.45%) and Late SE (98.48%) exhibited greater stability with lower standard deviations. These findings
highlight that combining hyperparameter optimization with appropriate SE placement can enhance model
performance for classifying real and Al-generated images. Moreover, SE placement at different positions (Early,
Mid, Late) has a significant impact on feature representation and generalization in synthetic image classification,
which is increasingly important given the growing difficulty of distinguishing real from Al-generated images.

Keywords : AI-Generated Image, Attention, Classification, DenseNet-121, Hyperparameter, Squeeze-And-
Excitation
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1. INTRODUCTION

Digital images have become an integral part of modern communication and information
exchange. They are widely used for news delivery, documentation, and personal expression, as the
human brain processes visual information more quickly and effectively than text [ 1]. With the increasing
prevalence of social media platforms such as Instagram and Facebook, images have become the
dominant medium for everyday interaction and carry substantial social value [2]. In this context, the
authenticity of visual content plays a crucial role in shaping public opinion and supporting informed
decision-making, particularly as manipulated or fabricated images can undermine trust in digital
information [3]. At the same time, recent advances in generative artificial intelligence have transformed
the landscape of digital imagery. Sophisticated models such as Generative Adversarial Networks
(GANSs) and Latent Diffusion Models (LDMs) are now capable of producing synthetic images with a
high degree of realism [4]. The accessibility of these technologies has accelerated the creation and
dissemination of synthetic content, effectively blurring the boundary between authentic and fabricated
images. This development raises significant concerns, as Al-generated images can be exploited to spread
disinformation, commit fraud, violate privacy, and damage reputations [5], [6], [7].
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To address the growing challenge of synthetic image detection, several benchmark datasets have
been developed and adopted in prior studies. For instance, FaceForensics++ [8] and WildDeepfake [9]
provide large-scale collections of manipulated facial imagery. StyleGAN2 [10] is a widely used
generative model, the authors released separate folders of generated images. More recently, ArtiFact
[11] introduced a diverse dataset covering human faces, animals, places, vehicles, artworks, and other
real-world categories, with more than 2.4 million images. However, despite its scale and diversity,
ArtiFact suffers from an imbalance between real and synthetic samples, which may bias model training
and evaluation.

In contrast, CIFAKE [12] provides a balanced dataset of real and synthetic images drawn from
several categories. Its balanced composition makes it well suited for controlled experiments, as it
mitigates the confounding effects of class imbalance while still representing non-facial synthetic
content. The initial study on this dataset employed a custom Convolutional Neural Network (CNN)
architecture, testing 36 network topologies and achieving a maximum accuracy of 92.98% [12]. Another
study on CIFAKE employed a custom CNN architecture with different configurations, achieving
improved performance with an accuracy of up to 96.31% [13].

Research then shifted toward transfer learning with more advanced pretrained CNN architectures
due to the limitations of simple custom CNNs. In [14], experiments were conducted on the original
CIFAKE dataset resolution of 32x32 pixels, with preprocessing based on normalization using the mean
and standard deviation of ImageNet. DenseNet achieved the best performance with an accuracy of
97.74%, significantly outperforming VGGNet (96.00%), ResNet (94.95%), custom CNN (86.40%), and
SVM (81.43%).

The performance of transfer learning with pretrained CNN architectures on the CIFAKE dataset
has also been examined by other researchers. In [15], DenseNet-121 consistently outperformed
ResNet50 and EfficientNetB0, achieving 97.65% accuracy at 32x%32 resolution and improving to
98.49% when images were resized to 64x64 pixels. This consistency demonstrates that DenseNet is the
most robust architecture among CNN-based models for detecting low-resolution synthetic images.
Furthermore, [16] highlighted the importance of fine-tuning in transfer learning. Using pretrained
ImageNet weights with frozen base layers resulted in suboptimal performance. After fine-tuning the
base layers, all evaluated models (ResNet50, VGG16, EfficientNetV2B0, MobileNetV3Small) achieved
substantial accuracy improvements. These findings demonstrate that parameter adjustment of pretrained
weights is crucial for CIFAKE.

Research on CIFAKE is not limited to CNN architectures and transfer learning approaches.
Attention-based architectures have also been explored, although the reported results vary. The Vision
Transformer (ViT-S16 pretrained) achieved only 87.09% accuracy, likely due to information loss when
upscaling 32x32 images to 224%224 [13]. Swin Transformer reached a high accuracy of 98.45% in the
RGB color space, but its performance dropped drastically to 84% in the CbCrY color space, indicating
a strong dependence on color representation [17]. The Multi-Graph Attention Network (MGA-Net),
which incorporates a ResNet encoder and a dual-graph decoder, achieved 97.89% accuracy with very
lightweight parameters (0.48M), although its AUC score was not the highest and computational cost
increased at larger resolutions [18]. These findings suggest that attention integration has the potential to
improve accuracy, but the outcomes are highly dependent on architectural design, data representation,
and model complexity.

The Squeeze-and-Excitation (SE) module is a channel attention mechanism designed to improve
feature representation by adaptively recalibrating the contribution of each channel. SE-based attention
has been applied to VGG-Net models for severity assessment of cervical lymph nodes [19], CNNs for
deepfake detection [20], MobileNet models for blindness detection [21]. These findings highlight the
capability of SE to enhance feature discrimination across diverse domains. On the CIFAKE dataset, a
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hybrid ResNet-SE attention model has also been proposed [22], achieving an accuracy of 96.12% which
is higher than the plain ResNet, demonstrating that SE can improve the detection of Al-generated
images. Beyond this specific case, the consistent improvements observed across different tasks suggest
that SE serves as a general mechanism to strengthen CNN performance without significant increases in
computational cost.

Based on previous studies, pretrained DenseNet has consistently demonstrated superior
performance on the CIFAKE dataset, achieving accuracies above 97% [14], [15]. However, no prior
study has integrated SE into DenseNet for CIFAKE classification. Building on this gap, this study
integrates the Squeeze-and-Excitation (SE) attention mechanism into the DenseNet-121 architecture.
DenseNet was selected for its ability to learn deeper features, while the SE block emphasizes salient
features, making the combination expected to enhance accuracy and improve the model’s focus on
synthetic images. Beyond architectural design, several studies have also demonstrated the effectiveness
of integrating SE into DenseNet in other domains, such as diabetic retinopathy [23], breast cancer [24],
[25], and liver cancer [26].

This study aims to develope DenseNet-121 with SE block integration in order to improve
classification accuracy on the CIFAKE dataset. The original resolution of 32x32 pixels is retained to
align with the dataset’s characteristics, while evaluating the effect of SE placement at early, middle, and
late positions. In addition to architectural modifications, hyperparameters such as dropout, learning rate,
and batch size are also explored to further optimize model accuracy.

2. METHOD

This research was carried out through a series of interrelated stages. The process began with data
initialization and preparation, followed by data splitting and preprocessing to ensure the quality of the
dataset. Subsequently, the model was designed and trained, including the integration of the methods
examined in this study. The final stage involved testing and performance evaluation to assess the
model’s ability to generalize. In summary, the overall research workflow is illustrated in Figure 1.

Data Initialization Data Splitting Data Model Training and _y Model Testing and
and Preparation (Train, Validation Test ) Preprocessing Validation Evaluation

Figure 1. Research Workflow

2.1. Data Initialization and Preparation

The CIFAKE (CIFAR-FAKE) dataset is designed to evaluate the capability of models in
distinguishing between real and Al-generated synthetic images. The dataset [12] is hosted on Kaggle,
providing open access for research and experimentation. CIFAKE was constructed by combining real
images from the CIFAR-10 dataset with synthetic images generated using a latent diffusion model. The
dataset comprises 120,000 images, divided into two main classes REAL and FAKE. The REAL class
contains 60,000 authentic images sourced from the ten categories of CIFAR-10, such as airplanes,
automobiles, and animals. The FAKE class consists of 60,000 synthetic images that mirror these ten
categories, generated using Stable Diffusion v1.4 with prompt modifiers to enhance diversity. All
images in the CIFAKE dataset are standardized to a resolution of 32x32 pixels. The synthetic images,
initially rendered at 512x512 pixels, were resized to 32x32 pixels by the authors to ensure consistency
with CIFAR-10. Compared to other deepfake or synthetic datasets, CIFAKE is lightweight, standardized
at a low resolution, and thus particularly suitable for testing model performance under resource-
constrained scenarios. Figure 2 illustrates representative samples from the CIFAKE training directory
for both REAL and FAKE classes.
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Figure 2. Representative Samples of the CIFAKE Dataset [12]

2.2. Data Splitting (Train, Validation, Test)

Following the partitioning scheme introduced by [12], the CIFAKE dataset was initially divided
into 100,000 images for training and 20,000 images for testing. To support model optimization and
performance assessment, the training portion in this study was further split into two subsets, resulting in
dedicated data for both training and validation. Each subset preserved a balanced ratio of REAL and
FAKE classes to ensure fairness in model evaluation. This strategy is consistent with common practices
in prior works [13], [15], where separate validation sets are commonly employed to fine-tune
hyperparameters and prevent overfitting.

2.3. Data Preprocessing

All images in the CIFAKE dataset were retained at their original resolution of 32x32 pixels to
preserve the dataset’s characteristics and to evaluate model performance under low-resolution
conditions as reported in previous studies [14], [15]. The preprocessing stage consisted of two main
steps, augmentation and normalization. Augmentation was applied using Random Horizontal Flip,
which has been shown effective for datasets such as CIFAR-10 and CIFAKE that contain objects
without orientation dependency, including animals and vehicles [27]. This technique increases data
variability while reducing the risk of overfitting [14].

Normalization was applied to standardize the pixel value distribution so that the training process
becomes more stable and converges faster [28]. In this study, pixel intensities were first scaled to the
range [0, 1] by dividing each pixel value x; by 255. The scaled values were then normalized using the
ImageNet mean and standard deviation, following practices commonly adopted in related studies [8].
This approach ensures that the input distribution aligns with the conditions used during the pretraining
of models, resulting in more stable and efficient training.

Equation (1) shows the normalization process where x.,;.4 denotes the pixel value scaled to the
range [0, 1], x,0rm represents the normalized value, x; is the original pixel intensity, p is the mean, and
o is the standard deviation [28].

Xi Xscaled—H
Xscaled = 2557 Xnorm = P (1)

2.4. Model Training and Validation

2.4.1. DenseNet Architecture

DenseNet was introduced by [29] as an advancement of ResNet [30] by implementing dense
connectivity across layers. In this architecture, each layer receives the feature maps of all preceding
layers through concatenation, enabling effective feature reuse and facilitating gradient flow from the
final layers to the initial ones. This approach alleviates the vanishing gradient problem, enhances training
efficiency, and reduces the number of parameters compared with other deep convolutional networks of
similar depth. DenseNet models designed for the ImageNet dataset, such as DenseNet-121, DenseNet-
169, DenseNet-201, and DenseNet-161, adopt the DenseNet-BC architecture, which integrates
bottleneck layers and compression (6 < 1) to improve efficiency. The network is composed of four Dense
Blocks separated by Transition Layers, followed by a global average pooling layer and a fully connected
layer at the end. In the ImageNet experiments, the DenseNet-BC architecture operated on 224x224 input
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images, with the initial layer implemented as a 7x7 convolution with stride 2. The number of feature
maps throughout the network is determined by the certain growth rate. Table 1 summarizes the DenseNet
architecture as applied to the ImageNet dataset.

Table 1. The Original Architectures of DenseNet-121 for ImageNet

Layers Output Size Operation
Convolution 112 x 112 7 x 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
Dense Block (1) 56 X 56 [1 x1conv,3 %3conv] %6
Transition (1) 56 x 56 1 x 1 conv
28 x 28 2 x 2 avg pool, stride 2
Dense Block (2) 28 x 28 [1x1conv,3 %3 conv] x 12
Transition (2) 28 x 28 1 x 1 conv
14 x 14 2 x 2 avg pool, stride 2
Dense Block (3) 14 x 14 [1 x1conv,3 x3conv] x24
Transition (3) 14 x 14 1 x 1 conv
7x7 2 x 2 avg pool, stride 2
Dense Block (4) 7%x7 [1 x1conv,3 x3conv] x 16
Classification 1x1 7 x 7 global avg pool + 1000D FC + softmax

2.4.2. Squeeze-and-Excitation Block

Squeeze-and-Excitation (SE) block as a channel attention mechanism designed to enhance feature
representations by adaptively recalibrating channel responses [31]. The SE block operates in two stages,
namely squeeze and excitation. The squeeze operation aggregates spatial information across each feature
map through global average pooling, resulting in a descriptor vector that encodes global channel
statistics. The excitation operation projects this descriptor through two fully connected layers with
nonlinear activations, producing channel-wise weights that reflect the relative importance of each
channel. These weights are then used to rescale the original feature maps, strengthening the contribution
of informative channels while suppressing less relevant ones. The integration of SE blocks into
convolutional networks has consistently improved performance across a wide range of image
recognition tasks with only marginal computational overhead. A schematic overview of the SE block
process is shown in Table 2.

Table 2. The Architecture of the SE Block

Layers Operation Output Size
Input - (H, W, C)
Squeeze Global Average Pooling (1,1,0)
Excitation Fully Connected Layer 1 with reduction ratio r + ReLU (1,1, Chr)
Fully Connected Layer 2 (return to C dimension) + Sigmoid (1,1,0)
Scale Channel-wise multiplication of the feature map with the H, W, C)

weight vector

2.4.3. Modified DenseNet with SE

The use of Squeeze-and-Excitation (SE) blocks within DenseNet architectures has been widely
explored in previous studies to enhance feature representation. Prior research has shown that embedding
SE within DenseBlocks allows the network to recalibrate channel-wise responses, emphasizing
informative features while suppressing irrelevant ones, which consistently improves accuracy over

5478


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2025.6.6.5336

Jurnal Teknik Informatika (JUTIF)
P-ISSN: 2723-3863
E-ISSN: 2723-3871

Vol. 6, No. 6, December, 2025, Page. 5474-5488
https://jutif.if.unsoed.ac.id
DOI: https://doi.org/10.52436/1.jutif.2025.6.6.5336

standard DenseNet [25]. Similarly, [26] investigated multiple configurations of SE placement in 3D
DenseNet architectures, such as SE-DenseNet-In, SE-DenseNet-All, and DenseNet-BC-based variants.
Their findings revealed that placing SE within DenseBlocks or after transition layers can improve
performance by up to 11% relative to the baseline, highlighting the importance of careful SE placement
for optimal generalization.

Building on these insights, this study integrates SE blocks into DenseNet-121 for the CIFAKE
dataset, which consists of low-resolution images. To adapt the model, the original 7x7 convolution was
replaced with a 3x3 kernel (stride 1, padding 1), and the initial pooling layer was removed, ensuring
better preservation of spatial detail. Such adjustments follow established practices for adapting
ImageNet-scale architectures to smaller datasets, as also applied in Wide Residual Networks (WRNs)
[30]. Consistent with this rationale, the max pooling layer was removed in this study, as pooling is
generally unnecessary for low-resolution images, a consideration also emphasized by [32].

Four model variants were developed: a plain DenseNet-121 (baseline) and three SE-augmented
versions with early, middle, or late SE placement. Early placement recalibrates channels at the beginning
of feature extraction, middle placement applies it at an intermediate stage, and late placement
emphasizes relevant features just before classification. All models were initialized with ImageNet-
pretrained weights and fully fine-tuned on CIFAKE. Table 3 compares the output shapes of these
variants, with dimensions given as (batch size, H, W, C) represents the height (H), width (W), and

number of channels (C).

Table 3. Comparison of Output Shapes Across Model Architectures

) DenseNet DenseNet DenseNet
Layer / Block DenseNet Plain Early SE Mid SE Late SE
Input (1,32,32,3) (1, 32,32,3) (1,32,32,3) (1,32,32,3)
Conv0 (1, 32,32, 64) (1, 32,32, 64) (1, 32,32, 64) (1, 32, 32, 64)
SE Block - (1, 32,32, 64) - -

Norm0O + ReLUO
Pool0 = Identity

(1,32, 32, 64)
(1,32, 32, 64)

(1,32, 32, 64)
(1,32, 32, 64)

(1, 32, 32, 64)
(1, 32, 32, 64)

(1, 32, 32, 64)
(1, 32, 32, 64)

DenseBlock1(6x)  (1,32,32,256) (1,32,32,256)  (1,32,32,256) (1, 32,32,256)
Transition1 (1,16,16,128) (1,16,16,128)  (1,16,16,128) (1,16, 16, 128)
DenseBlock2(12x)  (1,16,16,512) (1,16, 16,512)  (1,16,16,512) (1,16, 16, 512)
Transition2 (1,8, 8, 256) (1,8, 8,256) (1, 8, 8, 256) (1,8, 8, 256)
SE Block - - (1,8, 8, 256) -
DenseBlock3(24x)  (1,8,8,1024) (1,8, 8, 1024) (1,8, 8, 1024) (1,8, 8, 1024)
SE Block - - (1,8, 8, 1024) -
Transition3 (1,4,4,512) (1,4,4,512) (1,4,4,512) (1,4,4,512)
DenseBlock4(16x)  (1,4,4,1024) (1,4, 4, 1024) (1,4, 4, 1024) (1,4, 4, 1024)
SE Block - - - (1,4, 4, 1024)
Norm5 (1,4,4,1024) (1,4, 4,1024) (1,4, 4,1024) (1,4, 4,1024)
AvgPool (1,1,1,1024) (1,1, 1, 1024) (1,1, 1, 1024) (1,1, 1, 1024)
Flatten (1, 1024) (1, 1024) (1,1024) (1,1024)
Dropout (1, 1024) (1, 1024) (1,1024) (1,1024)
Classifier (1,1) (1, 1) (1, 1) (1,1

The training process was guided by validation accuracy monitoring, with early stopping applied
to prevent overfitting [33]. Early stopping was employed as a regularization measure, terminating
training when improvements on the validation set plateaued, thereby reducing the risk of memorizing
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noise in the training data. The stopping criterion was defined in terms of a maximum number of epochs
without improvement, commonly referred to as patience, which ensures that the model has sufficient
opportunity to continue learning while preventing excessive overfitting.

Hyperparameters are parameters set prior to the training process [34] and include learning rate,
batch size, dropout, and other regularization methods. Proper hyperparameter configuration is critical
because inappropriate combinations can cause slow or unstable convergence, overfitting, or poor feature
representation [35]. Dropout is a regularization technique applied as a hyperparameter to reduce
overfitting and improve generalization [35]. The learning rate determines the step size for weight
updates during training based on the gradient. A learning rate that is too high can cause instability and
failure to converge, whereas a learning rate that is too low slows down the training process[35], [36].
Batch size refers to the number of samples processed in a single iteration before weights are updated.
Larger batch sizes generally slow convergence because updates occur less frequently, while smaller
batch sizes increase the stochasticity of updates, potentially making training unstable [36], [37].

Optimizing hyperparameters not only affects model performance but also training efficiency and
generalization to unseen data. Proper hyperparameter selection can accelerate training, avoid overfitting,
improve computational resource utilization, and adapt model architectures to different datasets [38]. In
this study, hyperparameters were empirically selected based on preliminary experiments to balance
convergence speed, stability, and the ability to generalize, ensuring that the DenseNet-121 models could
effectively leverage the representational power of the SE blocks. To maintain efficiency, this study
employed Automatic Mixed Precision (AMP), which has been shown to accelerate training and reduce
GPU memory consumption without sacrificing model accuracy [39].

2.5. Model Testing and Evaluation

After the model was trained, it was evaluated using previously unseen data. The confusion matrix
served as the primary evaluation tool to assess the performance of the classification model [40]. It
summarizes prediction outcomes by reporting the number of samples correctly and incorrectly classified
for each class. Specifically, True Positives (TP) represent samples that belong to the target class and are
correctly predicted, whereas True Negatives (TN) refer to samples that do not belong to the target class
and are correctly identified as such. False Positives (FP) correspond to samples incorrectly classified as
part of the target class, while False Negatives (FN) denote target class samples that the model failed to
recognize. Based on this confusion matrix, several evaluation metrics can be derived, including
accuracy, precision, recall, and F1-score. Accuracy, as one of the most widely used metrics, measures
the proportion of correctly classified samples and is computed according to Equation (2).

TP+TN

Accuracy = —
y TP+FP+TN+FN

2
3.  RESULT

3.1. Data Initialization and Preparation

The initial stage of the experiments involved setting up the programming environment and
loading the primary dependencies, including PyTorch and torchvision for modeling and image
transformations, numpy for numerical computations, and matplotlib for visualization. PyTorch was
chosen as the primary deep learning framework in this study due to several technical and practical
considerations. It provides high flexibility in designing and modifying deep learning architectures [42],
enabling adjustments such as the integration of SE blocks or changes to kernel sizes without being
constrained by a predefined model structure. PyTorch also facilitates transfer learning by allowing
selective loading of pretrained weights on a layer-by-layer basis, making it particularly suitable for
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experiments with small input sizes, such as 32x32 pixels.1 The CIFAKE dataset was accessed through
the Kaggle platform by adding the dataset as input to the notebook.

3.2. Data Splitting (Train, Validation, Test)

The dataset was divided into three main subsets with balanced class distributions, namely training,
validation, and testing. For the training and validation phases, the training subset was further divided
into 80,000 images for training and 20,000 images for validation, resulting in a total of 100,000 images
used for model development. Meanwhile, the remaining 20,000 images were allocated for testing. All
subsets maintained an equal proportion of FAKE and REAL classes. The details of the data splitting are
presented in Table 4.

Table 4. Data Splitting
Subset FAKE REAL Total Images

Train 40,000 40,000 80,000
Validation 10,000 10,000 20,000
Test 10,000 10,000 20,000
Total 60,000 60,000 120,000

3.3. Data Preprocessing

All images in the CIFAKE dataset were preserved at their original resolution of 32x32 pixels.
Data augmentation was applied using Random Horizontal Flip, which introduces orientation variations
while maintaining the semantic content of the images, as illustrated in Figure 3.

Figure 3. Random Horizontal Flip Augmentation

Normalization was performed using the mean and standard deviation values of the ImageNet
dataset for each RGB channel (mean = [0.485, 0.456, 0.406]; std = [0.229, 0.224, 0.225]). After
normalization, the images appeared visually different, as shown in Figure 4. This transformation does
not hinder the model’s ability to interpret the images, but instead facilitates more stable and efficient
training. Furthermore, leveraging pretrained weights enables the model to start learning from well-
established feature representations

..

Figure 4. Visualization of Images After Normalization Using ImageNet Channel Statistics
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3.4. Model Training and Validation

This study evaluated the impact of the Squeeze-and-Excitation (SE) module placement and the
combination of hyperparameters on image classification accuracy. DenseNet-121 without any attention
mechanism (Plain) was used as the baseline to assess the effects of SE block placement. Three SE-based
model variants were implemented at different positions, namely early (Early SE), middle (Mid SE), and
late (Late SE), to examine how the location of the attention module influences classification
performance and consistency. The hyperparameter variations are presented in Table 5.

Table 5. Hyperparameter Variations

Hyperparameter Values
Dropout 0.1,0.3,0.5
Learning Rate 0.001, 0.0001
Batch Size 128, 256

Each model was trained for a maximum of 20 epochs using an early stopping mechanism with
patience set to 4. This configuration was informed by the findings of [43], which demonstrated that a
patience range of 3 to 5 in short training cycles of approximately 20 epochs can effectively balance
generalization and training efficiency.

The implementation of Automatic Mixed Precision (AMP) significantly improved training
efficiency. Using PyTorch’s autocast for mixed-precision operations and GradScaler for numerical
stability, computations could be performed in lower precision without compromising accuracy. As a
result, the average training time per epoch dropped from 7 minutes 33 seconds to 1 minute 39 seconds,
achieving a speed-up of over four times.

3.5. Model Testing and Evaluation

To obtain a comprehensive overview of the performance of each architecture, all models were
evaluated under various hyperparameter configurations, including dropout, learning rate, and batch size.
The evaluation was conducted using accuracy as the metric on the test set, with the Plain model serving
as the baseline for assessing the impact of incorporating SE blocks. This systematic comparison allows
identification of the best-performing configuration and the stability of each variant across diverse
training conditions. Test accuracies for different configurations are presented in Table 6.

Table 6. Test Accuracy for Each Model Architecture
DenseNet DenseNet DenseNet DenseNet

L i .
Model Dropout CAMME  Batch Size

Rate Plain Early SE Mid SE Late SE
1 0.1 0.0010 128 98.47 98.21 98.41 98.48
2 0.1 0.0010 256 98.38 98.43 98.48 98.41
3 0.1 0.0001 128 98.15 98.09 98.39 98.08
4 0.1 0.0001 256 97.78 97.77 97.83 97.99
5 0.3 0.0010 128 98.24 98.32 98.39 98.30
6 0.3 0.0010 256 98.52 98.35 98.56 98.48
7 0.3 0.0001 128 98.07 98.12 98.11 98.10
8 0.3 0.0001 256 97.76 97.77 97.88 97.94
9 0.5 0.0010 128 98.35 98.24 98.42 98.42
10 0.5 0.0010 256 98.40 98.45 98.43 98.42
11 0.5 0.0001 128 98.12 98.30 98.31 98.24
12 0.5 0.0001 256 97.20 97.74 98.01 97.94
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Table 7. Test Accuracy Differences (A) Between SE Models and The Plain Baseline

Model A Early SE A Mid SE A Late SE
1 -0.26 -0.06 +0.01
2 +0.05 +0.10 +0.03
3 -0.06 +0.24 -0.07
4 -0.01 +0.05 +0.21
5 +0.08 +0.15 +0.06
6 -0.17 +0.04 -0.04
7 +0.05 +0.04 +0.03
8 +0.01 +0.12 +0.18
9 -0.11 +0.07 +0.07
10 +0.05 +0.03 +0.02
11 +0.18 +0.19 +0.12
12 +0.54 +0.81 +0.74

To assess the effectiveness of each attention mechanism, the Plain model was employed as the
baseline for performance comparison. Table 7 presents the accuracy differences (A) between the SE
models and the Plain baseline, allowing further examination of whether each configuration resulted in
performance gains or losses. The hyperparameter configuration was kept consistent across all models
(1-12), ensuring that the analysis of accuracy differences between the Plain model and the Early SE,
Mid SE, and Late SE variants remained fair and controlled. This approach was intended to identify
which attention scenario contributed the most significantly and consistently to improvements in test
accuracy.

A detailed examination of Table 7 indicates that most variants with SE blocks produce modest
improvements over the Plain mode, with absolute gains generally below one percent in accuracy. In a
test set comprising 20,000 samples, even a 0.01 percent increase corresponds to two additional correctly
classified images, demonstrating that small numerical differences can have practical significance in
large-scale evaluations. Certain configurations exhibit more substantial improvements. For example,
Model 12 shows gains of up to 0.81 percent for SE-integrated Mid SE variants to the baseline, equivalent
to 162 additional correct predictions. These results highlight that although the numerical differences
may appear minor, the cumulative effect over a large dataset can be meaningful and may influence
downstream applications where accurate classification is critical.

A further analysis was carried out to assess the consistency of SE block placement on test
performance. The summary presented in Table 8 shows the number of configurations in which accuracy
increased, decreased, or remained unchanged compared to the Plain baseline. The results indicate that
Mid SE was the most stable variant, demonstrating improvements in 11 out of 12 configurations. Late
SE was also competitive, showing improvements in 10 out of 12 cases, whereas Early SE experienced
decreases in nearly half of the configurations. When compared to the highest accuracy achieved by the
Plain model, only Mid SE succeeded in surpassing its performance. These findings highlight that the
position of the SE block has a substantial effect on the generalization ability of the model, with
placement in the middle or later stages of the network proving more effective in maintaining accuracy.

Table 8. Performance Recap of SE-Based Models Compared to The Plain Baseline

Increase  Decrease Unchanged
Early SE 7 5 0
Mid SE 11 1 0
Late SE 10 2 0
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Figure 5. Best-Performing Confusion Matrices for Each Model

Figure 5 presents the best-performing confusion matrices for each model. The Plain model
achieved consistently high results, with 135 false positives (FP) and 160 false negatives (FN), reflecting
its role as the baseline. The Early SE model reduced FP to 126 but increased FN to 184, indicating an
improved ability to detect FAKE samples but a slight deterioration in classifying REAL samples. The
Mid SE model achieved the most balanced performance, recording 134 FP and 154 FN, thus
demonstrating stability across both classes and emerging as the best overall performer. Meanwhile, the
Late SE model produced similar FP (134) to Mid SE but a higher FN (170), suggesting a drop in
performance for the REAL class.

From a stability perspective, Mid SE showed the smallest gap between FP and FN, while Early
SE exhibited a stronger bias toward minimizing FP at the cost of higher FN. In terms of practical
implications, if the application context prioritizes reducing FP (avoiding FAKE instances being
misclassified as REAL), Early SE could be preferred. Conversely, if minimizing FN (ensuring REAL
instances are not mistaken as FAKE) is more critical, Mid SE would be the most reliable choice.

Across all architectures, the baseline Plain model already showed strong and consistent
performance. The integration of SE blocks affected the balance between false positives and false
negatives depending on their placement. Early SE reduced false positives but increased false negatives,
indicating a trade-off that favors FAKE detection. Mid SE delivered the most stable and balanced
outcomes, achieving the lowest overall errors and thus standing out as the best-performing
configuration. Late SE achieved comparable results to Mid SE in FAKE detection but fell behind in
REAL classification. Overall, Mid SE represents the most reliable architecture, while Early SE may be
preferable in contexts where reducing false positives is the primary objective.

The superior performance of the Mid SE configuration can be attributed to its optimal positioning
within the network. Placing SE blocks at intermediate layers allows the model to recalibrate feature
channels once low-level patterns have been extracted but before high-level abstractions are fully formed.
This placement provides the best balance between global and local information, ensuring that
discriminative features related to both FAKE and REAL images are emphasized effectively. By contrast,
Early SE may suppress important details prematurely, while Late SE risks amplifying overly abstracted
features, both of which lead to suboptimal class balance.

4. DISCUSSIONS

The integration of the Squeeze-and-Excitation (SE) attention mechanism into DenseNet-121
improved performance in synthetic image detection on the CIFAKE dataset with a resolution of 32x32
pixels. DenseNet previously achieved 97.65% [15] and 97.74% [14]. In this study, adding SE blocks
further improved performance beyond those benchmarks while maintaining the same resolution. This
improvement was reinforced by optimized hyperparameters such as dropout, learning rate, and batch
size, which, when combined with proper attention placement, enhanced both accuracy and stability.
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SE blocks strengthened feature representation by emphasizing the most relevant channels,
improving DenseNet’s ability to distinguish between real and synthetic images. Notably, this outcome
was achieved without increasing the resolution to 64x64, as in [15], which reported 98.49% accuracy.
The Plain model achieved 98.52%, while the Mid SE configuration further improved performance to
98.56%.

A comparison among SE variants shows that Mid SE was the most consistent, outperforming the
baseline DenseNet in most testing scenarios. This finding indicates that the position of attention modules
affects model generalization, with mid-level placement enabling more balanced feature utilization than
early or late integration. These results enrich the understanding that the effectiveness of attention
mechanisms depends not only on the type employed but also on their position within the network
architecture.

5. CONCLUSION

The integration of SE blocks into DenseNet-121 effectively improved the accuracy of synthetic
image detection at low resolutions, with mid-level placement providing the most consistent results.
Combined with optimally tuned hyperparameters, this approach enhanced both performance and model
stability. Beyond practical benefits, the study provides new insights into how attention placement
interacts with hyperparameter optimization to shape feature representation and generalization in
convolutional neural networks, contributing to the broader understanding of attention-based
architectures and guiding the design of effective models for synthetic image detection. However, the
dataset is limited to 10 classes of objects, animals. Future research should explore larger and more
diverse datasets to further evaluate model generalization and applicability to other synthetic image
classification tasks.
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