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Abstract

The Squeeze-and-Excitation (SE) Block, a concrete form of channel attention mechanisms, serves to flexibly readjust
feature channels, with squeeze using Global Average Pooling for global context extraction across all channels. The
limitation of the SE Block lies in discrete spatial merging, which causes important information to be lost. This
research proposes an Integral-based SE Block by formulating the Squeeze operation as a continuous spatial integral
to produce clearer channel feature merging. The IntSE block is implemented on the densenet121 architecture by
replacing the discrete spatial SE without changing the structure of the backbone. The effectiveness of the architecture
proposed in this study uses secondary datasets, namely Plant Village and HM 10000, which were used for experiments
during evaluation. The PlantVillage dataset consists of 12,246 tomato leaf data and consists of 10 classes, while the
HAM10000 dataset consists of 10,015 data and has 7 classes. The results show that DenseNet121 with IntSE achieves
an accuracy of 99.25% and an F1-score of 99.25% for the PlantVillage dataset, as well as an accuracy of 83.57% and
an F1-score of 83.19% for the HAM 10000 dataset. This experiment shows that densenet121 with IntSE outperforms
basic densenetl21, Discrete Spatial SE, and Attention CBAM in terms of accuracy and F1-Score. The ablation
analysis shows that the formula of spatial squeeze integral performance is improved compared to global pooling and
adaptive pooling. Statistical testing shows significant changes to state that the performance of the actual architecture.

Keywords : Channel Attention Mechanism, Deep Learning, Feature Recalibration, Integral Based Attention,
Squeeze-and-Excitation (SE) Block.
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1. INTRODUCTION

Conventional neural networks have achieved remarkable results, especially in image
classification [1], [2] in visual recognition, it has the ability to recognize good features from a dataset
[3] However, conventional CNNs have limitations in selective feature recognition [4] so that important
features do not stand out [5]. Modern CNN architecture is very complex in handling diverse patterns
[6]. Currently, a mechanism is needed to recognize important features. Adaptive feature selection helps
solve the problem of suppressing irrelevant features [7].

Conventional CNNs are not yet capable of optimally comparing various types of channel features,
and weight values for all channels are often given the same value [8], [9]. Incorrect weighting results in
the loss of spatial information and poor model sensitivity to important features, making the model less
robust and affecting classification performance, which can decline in highly heterogeneous data [10],
Therefore, an expressive Squeeze Mechanism is needed for spatial distribution. This approach must
remain lightweight and compatible with Standard CNN [11].

Attention mechanisms are known for their ability to improve feature recognition in CNNs [12],
[13], where adaptive feature weighting is proven by effective computerized tasks. Global Adaptive
Pooling (GAP) plays a role in SE Block for spatial aggregation, which produces a single value for each
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feature channel that is computationally efficient and numerically stable [14], [15]. The SE variant has
been developed for increased flexibility, Adaptive Pooling serves to maintain part of the spatial structure
and excitation modification to reduce parameters [16]. Feature enhancement depends on spatial
aggregation based on discrete sampling, where pooling operations are a key component of Squeeze, in
which spatial aggregation has not undergone any conceptual changes [17], [18].

Although attention mechanisms such as Squeeze and Excitation (SE) show significant
effectiveness in improving feature representation [19], [18]. Most operations from discrete pooling
depend on channel attention, especially on GAP [20], implicitly assumes that spatial contributions to
the entire field of diverse features, this assumption becomes irrelevant for data with heterogeneous
spatial distribution, high-resolution images, or locally oriented visual patterns [21].

Various developments have been proposed to address the limitations of adaptive pooling by
adding spatial attention mechanisms and hybrid approaches such as CBAM [22], [23], [18]. This
approach can improve model performance but relies on discrete spatial sampling processes and has not
yet thoroughly reviewed the assumptions regarding spatial information summarized in Squeeze [24],
Most researchers focus on excitation of various attention channels, so that the quality and formulation
of spatial aggregation itself is still relatively lacking with respect to attention channels in particular [25].

Based on this research gap, this study is motivated by the need for a channel attention mechanism
capable of maintaining spatial continuity in the feature aggregation process. This study proposes
Integral-based Squeeze-and-Excitation (IntSE), a new formulation of the squeeze operation modeled as
continuous spatial integration. The main contributions of this research include: (1) introduction of
continuous formulation at the squeeze stage as a theoretical generalization of GAP; (2) design of IntSE
blocks that remain lightweight and can be directly integrated into the DenseNet121 architecture; and (3)
comprehensive empirical evaluation to demonstrate improved performance, robustness, and statistical
significance compared to conventional SE and CBAM.

2. METHOD

This study develops discrete spatial squeeze on SE Block into continuous spatial squeeze integral
by improving channel attention and applying it to the Densenet121 architecture, as well as testing and
evaluating the effectiveness of the proposed model. This research uses secondary datasets, namely
PlantVillage and HAM10000. All datasets undergo augmentation to make the data diverse and varied
and capable of architecture generalization, such as rotation, clipping, translation, scaling, and intensity
adjustment techniques, this greatly helps the architecture avoid overfitting [26]. Preprocessing serves
to improve the quality and consistency of data before the training process. In general, preprocessing
involves cleaning data from noise and normalization. After that, the architectures to be tested are
Densenet121, Densenet121+SE, which uses the SE Block attention mechanism. Densenet121+CBAM
uses the CBAM attention mechanism, and Densenet+IntSE uses the Spatial Integral attention
mechanism. All architectures were tested and compared by looking at the evaluation matrix results for
accuracy, recall, precision, and F1-score. The highest accuracy and F1-score results indicate that the
architecture achieved the best results, However these results are not sufficient to show that the
architecture with the highest accuracy score is the best architecture. Therefore, the architecture was
tested again with a t-test or paired test matrix to ensure that the architecture was significantly successful
in terms of classification performance.

Figure 1 illustrates the research flow starting from dataset preparation, preprocessing, and
augmentation, followed by a comparison of several DenseNetl21-based models, namely baseline, SE,
CBAM, and the proposed IntSE model. This research's principal achievement is introducing IntSE-
Block, which redefines the squeeze operation through continuous spatial integration to achieve superior
feature calibration. All models were trained and evaluated using classification metrics, accompanied by
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ablation tests and statistical tests to ensure that the performance improvements obtained were truly
significant.
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Figure 1. Framework Model Integral Squeeze and Excitation

2.1. Dataset

This study uses two datasets, namely PlantVillage and HAM10000, which are available online
or referred to as secondary datasets [27], [16], to evaluate the proposed architecture. The PlantVillage
dataset was used as the main dataset, focusing on images of tomato leaves in healthy and diseased
conditions. The data collection in the HAM 10000 dataset consists of high-resolution color images with
clear visuals that focus on disease symptoms, making this dataset suitable for evaluating the
effectiveness of spatial features. The resolution of the Plantvillage and HAM10000 datasets uses a size
0f224x224 so that all data is uniform. The dataset is divided into several classes, namely training classes
and validation classes, which are consistently compared to obtain fair results and applied to the entire
architecture.

2.2. Baseline and Comparative Models

Evaluating the contribution of architecture based on the proposed Squeeze formulation, this study
compares several basic architectures and attention-based architectures using the same densenetl121
backbone [28]. The basic architecture does not use the Attention Mechanism, which serves as the basis
for evaluating the impact of feature channel calibration. The compared squeeze formulations consist of
Discrete Global Average, Discrete Adaptive Pooling, and the proposed Continuous Spatial Integral /
IntSE Block formula, which is a reformulation of Squeeze. All formulas are implemented in the
architecture and tested evenly until the proposed architecture is deemed feasible as an integral
reformulation capable of maintaining excitation.
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2.3. Proposed IntSE-Block Architecture

This study proposes reformulating the conventional SE Block formula, particularly in the Squeeze
section, into an integral Squeeze operation, whereby this architecture recalibrates the per-channel
features. Conventional SE blocks rely on average pooling on discrete globals, while IntSE summarizes
spatial information by adjusting feature activation integrals in the spatial domain, thereby preserving
spatial stability and local variation. Channel features generated through the Excitation stage consist of
two fully connected layers with nonlinear activation and Sigmoid gating mechanism that creates
attention weights for individual channels. Channel weight adjustment is applied in the original feature
pattern based on the weights, enabling adaptive attention to informative channels.

Squeeze-and-Excitation (SE) Block where SE Block filters features channel-wise with the
formula:

a. Squeeze (Continuous Spatial Integral)

ze = [y xe (L)) dQ (1)

where z. is the average feature value of channel c, x.(i,j) is the spatial position at the feature value
(i, j),Q is the spatial domain, dQ is the infinitesimal area element, and A is the total area for
normalization. This formulation generalizes the conventional global average pooling by modeling the
squeeze operation as a continuous spatial aggregation.

b. Excitation (Fully Connected Layers)
S. = a(W,.ReLU(W;.2)) )

where s, is the result of the transformation, W, and W, are weight matrices, z. is the input, ReLU
is the ReL U (Rectified Linear Unit) activation function, and o is the sigmoid activation function.

c. Reweighting
xgealed = 5 X, (3)
where X, X'“““is the scaled version of , with scale factor s..

2.4. Training Procedure

The architecture used for training is the basic densenetl21 architecture with the PyTorch
framework and Adam optimizer [29], Learning rate le-4, batch size 32, and 50 epochs. IntSE-Block
was implemented into the basic architecture of Densenet121, and the squeeze optimization used for
testing was Discrete global average, Discrete adaptive pooling, and Continuous Spatial Integral.
Evaluation was performed using accuracy, precision, recall, and F1-score metrics [30].

2.5. Experimental Setup

The PyTorch framework used for experiments in the GPU domain with fast support from CUDA
[31]. The densenet121 architecture serves as the base model for testing the entire architecture, with
variations in testing on the Squeeze formulation through Attention Mechanisms to produce uniform/fair
comparisons. The experiment used two datasets, namely PlantVillage and HAM10000. The PlantVillage
dataset has clean and diverse data with minimal noise, so this study used an additional dataset to test the
proposed architecture using the HAM 10000 dataset, where the data quality is still minimal. Therefore,
this additional dataset provides robust testing of the proposed architecture. The entire dataset uses a
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uniform size of 224x224 pixels, normalized using average values and generating standard deviation
values so that the data is valid and free of outliers. The dataset consists of training and validation data.
During training, data augmentation is used for generalization, while validation changes the size for
normalization. The entire architecture uses the Adam optimizer for training with a learning rate of 1 x
10, a weight decay of 1 x 107%, and a batch size of 16 for 50 epochs. Final performance was evaluated
using accuracy, precision, recall, and F1 score [32].

2.6. Evaluation Metrics

The performance of the compared architecture and the proposed architecture was evaluated using
metrics such as accuracy, recall, precision, and F1-score for all tested architectures. Accuracy is used to
measure the percentage of predictions for all data.

True Positive+True Negative
Tp+Tn+Fp+Fy

Accuracy = 4
Precision indicates how many positive predictions are correct out of the total positive predictions,
measuring the ability of the IntSE model to avoid false positive predictions.
True Positive

Precision = — — (5)
True Positive+False Positive

Recall measures how many positive cases the model managed to detect from the total number of
actual positive cases. Recall is important to ensure that the model can detect all diseased tomato leaf
plants, so that no important cases are missed (false negatives).

True Positive

Recall = (6)

True Positive+False Negative

Fl-score is used to ensure that the IntSE model has a good balance between the ability to detect
positive cases (recall) and avoid false positives (precision).

__ 2 XRecallxPrecision

F1 — score (7

Recall+Precision

Accuracy was used as a measure of classification accuracy, while precision and recall were used
to capture the balance between false negatives and false positives across all classes. Meanwhile, F1-
score balanced the values of recall and precision, especially when the data was imbalanced [33].

2.7. Statistical Analysis

The results of testing the entire architecture must be verified significantly against the results
obtained, and the results of statistical analysis are used for evaluation metrics [34]. Paired comparisons
are used to test significant changes to the proposed IntSE architecture using paired t-tests. The evaluation
focuses on accuracy, recall, precision, and F1-Score. This t-test was chosen to assess whether the change
was statistically significant under any conditions. The significance level was considered successful if
the value of p <0.05.

2.8. Ablation and Complexity Analysis

This ablation study was conducted to separate between squeeze formulas, namely global average,
adaptive pooling, and continuous spatial integral. The squeeze formula was implemented in the
densenet121 architecture, and performance improvements can be seen from the evaluation results of
accuracy, recall, precision, and fl-score. In addition, complexity was also assessed based on
comparisons of Params (M), FLOPs (G), and Inference Time (ms) [35].
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3. RESULT

3.1. Integration of the Integral-Based SE Block into DenseNet 121

IntSE (Integral Squeeze and Excitation) is directly integrated into the DenseNet121 architecture
without changing the core structure of the architecture and without significantly increasing the
computational load. IntSE is implemented into the densenet121+IntSE architecture, which has superior
performance compared to conventional SE. This shows that IntSE is capable of improving feature
calibration in overall classification performance.

Table 1 shows that the IntSE variant achieves an accuracy of 99.25% compared to the adaptive
Avg Pool variant and the GAP-based SE variant. Continuous spatial integral formula in ablation studies
analyzing the effect of different squeeze formulations in DenseNet121 architecture on the PlantVillage
dataset.

Table 1. Ablation Study on Squeeze Operation (PlantVillage)

Variant Squeeze Formulation Accuracy (%) Fl-score (%)
GAP-based SE Discrete global average 0.9807 0.9800
Adaptive Avg Pool  Discrete adaptive pooling 0.9832 0.9829
IntSE Continuous Spatial Integral 0.9925 0.9925

Table 1 shows that changes in the squeeze formulation have a direct impact on classification
performance. GAP-based SE produces an accuracy of 0.9807 and an F1-score of 0.9800, while the use
of adaptive pooling improves performance to 0.9832 and 0.9829. The proposed model, IntSE with
continuous spatial integral, achieved the highest results, namely an accuracy and F1-score of 0.9925.
This gradual improvement shows that the spatial integral formulation is able to combine channel
information more effectively than the discrete pooling approach.

Table 2 membandingkan waktu komputasi dengan arsitektur densenetl21 dengan channel
attention terdapat perbedaan seperti Params, FLOPs dan Inference Time.

Table 2. Computational Cost Comparison

Model Params (M) FLOPs (G) Inference Time (ms)
DenseNet121 + SE 6.972 2.897 24913
DenseNet121 + CBAM 6.977 2.899 39.291
DenseNet121 + IntSE 6.972 2.896 28.661

Table 2 shows that DenseNet121 + IntSE has the same number of parameters as SE (6.972M) and
is almost the same as CBAM. IntSE's inference speed falls between SE and CBAM—slightly trailing
SE but markedly exceeding CBAM. When making predictions, IntSE is a bit slower than SE but much
faster than CBAM Overall, these results confirm that IntSE remains efficient without significantly
increasing model complexity.

3.2. Reformulation of the Squeeze Operation

The results of the experiments in this study focus on reformulating the Squeeze operation from
Global Pooling into a continuous spatial operation. The purpose of this reformulation is to address the
problem of losing important features and suppressing relevant features. The effectiveness of the
proposed integral Squeeze formula is evaluated using two datasets, Plantvillage and HAM10000, to
provide empirical evidence that this formula has an impact on classification performance.

Table 3 compares the classification results from the PlantVillage dataset. There are four
architectures with different attention types, such as without SE Block, conventional SE, CBAM, and the
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proposed attention type, IntSE. The accuracy results are used to evaluate the performance of each
accuracy.

Table 3. Performance Comparison on PlantVillage Dataset

Model Attention Type Aczzz )a y Pr‘(’ﬁ/f)‘ on R(e;;)z;ll F1 (:/i ())re
DenseNet121 None 0.9764 0.9770 0.9764 0.9754
DenseNet121 + SE SE 0.9863 0.9866 0.9863 0.9861
DenseNetl121 + CBAM 0.9907 0.9907 0.9887 0.9896
CBAM
DenseNet121 + Integral SE 0.9925 0.9926 0.9925 0.9925
IntSE

Table 3 clearly shows that the performance of DenseNet121 on the PlantVillage dataset continues
to improve when we add attention mechanisms. The base model itself is already quite good with an
accuracy of 0.9764. However, once SE is added, the accuracy increases to 0.9863, and with CBAM it
even reaches 0.9907. The DenseNet121 and IntSE architectures achieved an accuracy and F1 score of
0.9925. This proves that our approach of transforming the squeeze operation into a continuous spatial
integral is indeed more effective than conventional discrete pooling in improving feature calibration
quality and classification accuracy.

Analysis of the learning and stability of the proposed architecture training was conducted by
analyzing the convergence of validation accuracy consisting of 50 training epochs. Figure 2 shows the
validation accuracy curve per epoch for the basic DenseNetl121 architecture and its variants equipped
with attention mechanisms, namely DenseNet121+SE, DenseNet121+-CBAM, and the proposed
DenseNet+IntSE architecture. This validation evaluation aims to find differences in convergence speed,
accuracy development, and stability during the training process.

Convergence Analysis of Validation Accuracy

100.0

validation Accuracy (%)

= = DenseNetl2l
DenseNet121+SE
»++ DenseNet121+CBAM
m— DenseNet+IntSE (Proposed)

1] 10 20 30 40 50
Epoch

Fig 2. Convergence Analysis of Validation Accuracy Across Epochs

In Figure 2, all architectures show an increase in validation accuracy during initial training;
however, different convergence points appear as training progresses. The proposed DenseNet+IntSE
model achieves higher validation accuracy in the early epochs and remains stable in the middle and late
training stages. The basic architecture of DenseNetl121 shows a slower convergence point between
epochs. Although the DenseNet121+SE and DenseNet121+CBAM architectures are able to achieve
more stable accuracy compared to the basic architecture, both still show higher variation than the
proposed approach. These results show that the IntSE formula improves classification performance,
contributing to stability in training and high generalization.
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Table 4 reports the comparative classification performance of DenseNet121-based models with
different attention mechanisms on the HAM 10000 dataset, which presents higher visual complexity and
intra-class variability.

Table 4. Performance Comparison on HAM10000 Dataset

Model Attention Type Ac‘(:‘l,z )a <y Pri’ﬁ/los)l on R(i;:;“ F1-score (%)
DenseNet121 None 0.8183 0.7986 0.8183 0.8067
DenseNet121 + SE 0.8318 0.8248 0.8318 0.8274
SE
DenseNet121 + CBAM 0.8243 0.8159 0.8243 0.8186
CBAM
DenseNet121 + Integral SE 0.8357 0.8304 0.8357 0.8319
IntSE

Based on Table 4, the integration of the attention module improves the performance of
DenseNet121 on the HAM10000 dataset. Although the standard model achieves an accuracy of 81.83%
(F1: 80.67%), the addition of SE attention improves the results to 83.18% accuracy (F1: 82.74%), and
CBAM yields 82.43% accuracy (F1: 81.86%). The best-performing variant, DenseNet121 with Integral
SE, achieved an accuracy of 83.57% and an F1 score of 83.19%, representing the most effective
performance improvement among all tested configurations.

3.3. Effectiveness, Robustness, and Statistical Significance

Effectiveness is required in this study to demonstrate that the proposed architecture is feasible in
terms of effectiveness, diversity, and statistically significant testing. This study shows that the proposed
attention channel demonstrates an improvement in accuracy that is suitable for use. Statistical analysis
using paired tests shows that the performance improvement achieved by IntSE is statistically significant
at a confidence level where the value of p<0.05. These results prove that IntSE is an approach that
provides information that the observed improvement is due to a better continuous squeeze formulation
than random variation.

Table 5 consists of several metrics: Accuracy, Precision, Recall, and F1 Score to show the t-test
results, with p < 0.05 for all metrics, meaning that the differences are statistically significant.

Table 5. Statistical Comparison between SE and IntSE

Metric t-statistic p-value
Accuracy -6.65477 0.00016
Macro Precision -6.45604 0.000197
Macro Recall -6.65477 0.00016
Macro F1-score -6.72939 0.000148

Table 5 shows the results of the t-test between the SE formula and the Integral SE (IntSE) formula.
All t-statistic values are negative with large magnitudes (approximately -6.45 to -6.73), as well as very
small p-values (£0.0001) and far below 0.05. This indicates that the difference in performance between
SE and IntSE is statistically significant. Thus, the Integral SE model is consistently superior to SE on
all evaluation metrics.

4. DISCUSSIONS

The Continuous Spatial Integral method changes the way squeeze works from regular pooling to
more comprehensive spatial aggregation, so that important information on features is not easily lost.
Unlike SE or CBAM, which generally only add or refine the attention module, IntSE improves the core
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of the feature combination process without making the model more complex. Testing on the PlantVillage
and HAM10000 datasets shows that IntSE consistently delivers higher accuracy and F1-scores,
especially on more complex data such as HAM10000. Statistical tests also prove that this improvement
is significant. Interestingly, the best results were achieved by maintaining computational efficiency
equivalent to SE, and even exceeding CBAM in terms of efficiency.

The ablation study shows that the squeeze formulation plays a role in improving the performance
of the attention mechanism. When compared with global and adaptive pooling methods, the integration-
based technique provides more thorough spatial information capture, leading to steady performance
gains through IntSE. Nevertheless, the research has constraints as it examines only two datasets and
concentrates exclusively on classification applications, potentially restricting its wider applicability.
Future studies should test IntSE on a wider range of datasets and various computer vision applications
to validate its general effectiveness.

IntSE improves feature representation without adding complexity to the architecture. Unlike
CBAM, which adds a spatial attention module and increases inference costs, IntSE improves the
aggregation process at the compression stage to efficiently improve performance. Statistical analysis
shows that the improvement is significant and not caused by random variation. Additionally, since IntSE
conducts uninterrupted spatial consolidation, it naturally exhibits greater robustness against changes in
spatial patterns and image dimensions. This leads to a framework that demonstrates enhanced stability
when processing diverse data types or varying input sizes. However, further experiments on various
resolutions and diverse spatial patterns are needed to fully validate this sensitivity and robustness.

5. CONCLUSION

Reformulating the squeeze operation into Continuous Spatial Integral outperforms the basic
Squeeze Discrete global average and Discrete adaptive pooling operations. This consistently produces
high classification accuracy of 0.9925%. testing with two datasets shows stable accuracy and precision,
indicating that the performance of the integral-based squeeze operation successfully achieves the
expected accuracy. The proposed architecture also shows statistically significant t-test results. The
findings in this proposal indicate that the improvement is not caused by random variation. This study
conceptually generalizes the squeeze operation from a discrete pooling mechanism to a continuous
spatial integration framework, offering a more fundamental and extensible formulation for channel
attention in CNN architectures.
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    S  c = 𝜎  (   W 2 . ReLU  (   W 1 . z ) )


    X  c  s c a l e d =   S  c   X  c


  A c c u r a c y   =   T r u e   P o s i t i v e + T r u e   N e g a t i v e    T  P +   T  N +   F  P +   F  N


  P r e c i s i o n   =   T r u e   P o s i t i v e  T r u e   P o s i t i v e + F a l s e   P o s i t i v e
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