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Ship object detection in aerial imagery remains a critical challenge due to complex
marine backgrounds, varying object scales, and occlusion, which often lead to
unstable model performance. This research proposes integrating the Efficient
Channel Attention (ECA) module into the YOLO12-L architecture to enhance
feature selectivity and prediction robustness. The model was trained for 500 epochs
on the Ship Detection from Aerial Images dataset, comprising 621 images and 1,951
annotated ship instances, and performance was evaluated across five distinct random
seeds to ensure statistical reliability. Quantitative results demonstrate that the
proposed YOLO12-L + ECA model achieved a median Average Precision
(mAP@50) of 71.32% and a Precision of 92.5%, outperforming the baseline
YOLO12-L model. To evaluate statistical validity, a Paired Bootstrap Median Test
with 100 resamples confirmed a statistically significant improvement in median
performance (A = +1.01%, p = 0.02). Furthermore, the standard deviation of
MAP@50 decreased from 1.1% in the baseline to 0.3% in the ECA model,
representing a 72.7% reduction in performance variance. Computational efficiency
analysis revealed that the ECA module introduced negligible overhead, adding
merely 5 parameters (totaling 26,389,880) and keeping FLOPs constant at 89.4,
while maintaining a high inference speed of 10.7 FPS (a marginal 2.5% reduction).
These findings confirm that ECA effectively suppresses background noise, stabilizes
detection outputs, and provides statistically significant improvements without
compromising architectural efficiency. The proposed architecture offers a
lightweight and reliable solution for automated maritime monitoring systems,
particularly in challenging visual environments.

This is an open access article under the CC-BY-SA license.

. INTRODUCTION

The detection of ship objects in remote sensing and aerial
imagery is crucial for maritime traffic monitoring, law
enforcement in water areas, and coastal disaster mitigation
[1], [2]. However, the implementation of automatic detection
systems still faces significant obstacles [3]. The dynamic
visual characteristics of the marine environment, including
wave texture, light reflection, and fog obstruction, create
complex backgrounds that burden computational models in
distinguishing foreground objects from the background [4].
Additionally, ship objects in aerial imagery exhibit extreme
scale variability, from small boats to large cargo ships, with
spatial densities that often involve occlusion [5].

Single-stage object detection architectures such as You
Only Look Once (YOLO) have been widely adopted due to
their balance between inference speed and prediction
accuracy [6], [7]. As the latest attention-centric state-of-the-
art architecture, YOLO12-L introduces native structural
improvements alongside advanced loss-function optimization
to maximize gradient stability [8], [9]. Consequently,
integrating an ultra-lightweight channel attention mechanism,
such as ECA, into this cutting-edge framework represents a
highly novel frontier, particularly for isolating complex
maritime targets from dynamic environmental noise without
disrupting the baseline's optimization path. However, without
such a feature filtering mechanism, the model remains
vulnerable to irrelevant visual information from backgrounds
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[10], limiting its ability to isolate spatial features in small
objects or high-density environments [11]. Furthermore,
models trained on a single random initialization risk
producing unstable performance variance that does not reflect
true generalization ability [12], [13].

To address these architectural limitations and training
instabilities, previous studies have explored various attention
mechanisms and structural optimizations. Xue et al.
introduced SSAM into YOLOv5s, improving object
placement precision while maintaining a low computational
burden [14], while Ahn et al. proposed SAFP-YOLO to
reduce model complexity, though at a 5-6% accuracy trade-
off [15]. In the ship detection domain specifically, Patel et al.
achieved 65% mAP@50 using YOLOV5 [16], and Yildirim et
al. achieved 62.30% with YOLOvV4 Tiny [17], yet neither
addressed feature channel selectivity nor validated
performance  consistency across multiple  training
initializations. Recent benchmarks across diverse computer
vision domains [18], [19] further confirmed that YOLO
architectures consistently outperform traditional methods
across varying visual conditions, reinforcing the importance
of rigorous multi-seed evaluation in architectural
comparisons.

A review of the literature reveals four persistent research
gaps. First, prevailing attention mechanisms such as CBAM
and SSAM increase architectural complexity by adding
convolutional or fully connected operations, thereby directly
impacting inference speed [14], [20]. Second, pruning and
quantization approaches often sacrifice detection accuracy for
small or occluded objects [21]. Third, prior evaluations rarely
include computational efficiency analysis or multi-seed
consistency tests, leaving robustness to stochastic
initialization unassessed [5], [22]. Fourth, generalization of
attention mechanisms for ship detection remains limited by
the availability of restricted datasets and inconsistent
evaluation protocols [23].

To address these gaps, this study proposes integrating an
Efficient Channel Attention (ECA) module into YOLO12-L,
which adaptively selects feature channels via lightweight one-
dimensional convolutions without significantly increasing the
number of parameters or computational overhead [24], [25].
This study provides a rigorous evaluation of the ECA-
integrated YOLO12-L framework, utilizing the Ship
Detection from Aerial Images dataset to ensure diverse scale
and background representations. The significance of the
architectural improvements is rigorously validated using the
Paired Bootstrap Median Test across five random
initializations [12], [26].

This study provides distinct contributions across three
domains. First, we strategically embed the lightweight ECA
module into the YOLO12-L neck to enhance feature
selectivity. Second, a rigorous multi-seed training protocol is
combined with the Paired Bootstrap Median Test to isolate
stochastic effects. Finally, our empirical results demonstrate a
72.7% reduction in performance variance, ensuring
architectural stability.

Il. METHOD

This research was conducted in several stages to ensure an
orderly process and scientifically reliable results. The
research flow is shown in Figure 1.
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Figure 1. Research Flowchart

Figure 1 illustrates the systematic stages involved in
developing an aerial imagery-based ship detection system.

A. Ship Dataset

The initial stage of this research utilizes a ship detection
dataset sourced from the public Ship Detection from Aerial
Images dataset available on the Kaggle platform [27]. This
dataset consists of 621 aerial images at varying resolutions,
manually annotated in a bounding-box format with a single
main object class: Boat. Although the dataset comprises 621
aerial images, the total number of annotated ship instances is
1,951. This substantial number of annotated instances ensures
adequate training data for the model to learn discriminative
feature representations, particularly for the channel-wise
attention mechanism, which operates on feature maps rather
than raw images. The average density of ~3.1 ship objects per
image further ensures that the model is exposed to diverse
spatial configurations, scales, and contextual backgrounds
during training. These images reflect a variety of visual
conditions representative of ship detection scenarios in real
environments, including significant variations in object scale,
high object density, and complex sea backgrounds, including
wave texture, sun glint, and clouds. In addition, the spatial
distribution of ship objects in the images tends to be uneven,
with most objects appearing in the center to the edges of the
frame, which requires the model to have robust detection
capabilities against positional variations. Consequently, this
spatial characteristic justifies integrating the attention
mechanism at the strategic feature level to retain global visual
context. This dataset was chosen for its relevance to the focus
of this research on ship detection from aerial optical imagery,
as well as for its open availability for academic research.

Improving YOLO12 Performance Using Efficient Channel Attention For Ship Object Detection
(Richard Christoper Subianto, Muhammad Naufal, Farrikh Alzami)



2712

e-ISSN: 2548-6861

Before training, the dataset was split into two sets at an 80:20
ratio, with 497 images for training and 124 for testing. This
division ensures that the proportions of visual characteristics
remain balanced across both subsets, enabling objective
model evaluation on data not used during training.

B. Image Preprocessing

All input images were dynamically resized to a
standardized resolution of 640 x 640 pixels and filtered to
eliminate visual artifacts surrounding the vessel objects that
could interfere with the spatial feature extraction process.
Next, the image pixel values were normalized to the range 0-
1 to accelerate gradient convergence and improve numerical
stability during convolution operations. For data
augmentation, this study used the Ultralytics framework’s
built-in preprocessing pipeline, which runs on-the-fly during
training. The basic augmentations applied include horizontal
flips with a probability of 0.5, brightness and contrast
adjustments through Hue-Saturation-Value (HSV) color
space transformations (hsv_h = 0.015, hsv_s = 0.7, hsv_v =
0.4), and geometric variations in the form of minor translation
(translate = 0.1) and scaling (scale = 0.5).

C. YOLO12 Architecture

YOLO12-L (Large variant by Ultralytics) is chosen as the
baseline model due to its deep feature extraction capabilities,
which are essential for handling extreme scale and density
variations in maritime aerial imagery. As illustrated in Figure
2, the architecture consists of three core components:
backbone, neck, and head. The backbone constructs
hierarchical spatial and channel representations by passing the
input through initial convolutional layers, followed by C3K2
and Advanced C2f (A2C2f) blocks at varying resolution
levels.
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Figure 2. YOLO12 Architecture [9]

The neck component utilizes a Path Aggregation Network
(PANet) framework to integrate multi-scale contextual
information. This is achieved via upsampling and
concatenation  operations, structurally reinforced by
interleaved A2C2f and C3K2 blocks to align and refine the
fused features. For the prediction phase, a decoupled head
with three independent detection branches is deployed. Each
branch processes a distinct resolution level, enabling robust
multi-scale detection that adaptively captures objects ranging
from small boats to large cargo ships.

Furthermore, the architecture integrates Automatic Mixed
Precision (AMP) to accelerate convergence and a cosine-

based learning rate scheduler to stabilize optimization across
complex marine environments.

D. Efficient Channel Attention (ECA)

The Efficient Channel Attention (ECA) module is an
attention mechanism that adaptively improves feature
selectivity across channel dimensions without significantly
increasing computational complexity. Unlike conventional
attention mechanisms such as Squeeze-and-Excitation (SE),
which use fully connected layers to model inter-channel
dependencies, ECA uses one-dimensional (1D) convolutional
operations with adaptive kernel sizes to capture local
interactions between feature channels. This approach enables
efficient modeling of channel dependencies without reducing
dimensionality or adding too many parameters, making it
highly suitable for real-time object detection architectures like
YOLO.

The working principle of ECA begins by performing
Global Average Pooling (GAP) on the input feature map to
generate a channel descriptor vector that represents the global
information of each channel. Mathematically, for an input
feature map X € RCxHxW with C channels, H height, and W
width, spatial compression is performed using the following

equation.
H W
1
%= Hx WZZ Xeij @

i=1 j=1

where z. is the global average value for the ¢ channel, and
Xeij IS the pixel value at position (i, j) in channel c. The result
of this operation is a vector z € R®™! containing global
statistical information for each channel.

Next, the 1D convolution kernel size is adaptively
determined based on the number of channels using the
following equation.

k= max(l

log,(C)+1
2

+05[,3) @)

where k is the smallest odd kernel size corresponding to the
number of channels C, this adaptive approach ensures that the
scope of inter-channel interactions scales with the feature
dimension, allowing the model to capture relevant local
dependencies without excessive computation.

The vector z is then processed with a 1D convolution
using a kernel of size k and a sigmoid activation function to
generate the channel attention weights. Mathematically, this
is shown in the following equation.

K
ac=o0 (Z Wi Zeyi—|k/2] T b) 3)

i=1

where w; is the 1D convolution weight, b is the bias, and
o(+) isthe sigmoid activation function defined as the following
equation.
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(4)

o) = 1+e7*

The result of equation (4) is an attention weight vector a €
[0, 1]€ which represents the importance level of each feature
channel.
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Figure 3. ECA Architecture [13]

Figure 3 shows the workflow of the ECA module, which
starts with an input feature map Fi € R&*"W, The feature is
first processed through Global Average Pooling (GAP) to
produce a C x 1 x 1 channel descriptor vector. This vector is
then processed through a 1D convolution (1DConv) with an
adaptive kernel size to capture local interactions between
channels. The resulting 1D convolution is passed through a
sigmoid activation function to produce channel attention
weights ranging from 0 to 1. These attention weights are then
multiplied element-wise with the original feature map via
broadcasting, resulting in an output feature map F, € R©***W
that is amplified on relevant channels and suppressed on
channels containing noise or background information. This
reweighting process can be formulated as follows.

H W
1
Veij = Xcij O (Conlek (mz Z xc,h,w)) (5)

h=1w=1

where X,j are the values at channel ¢ and position (i, j) of
the input feature map, Conv1Dy is a 1D convolution operation
with kernel size k, and o(-) is the sigmoid activation function.
The final result y;j, is the output feature map whose weights
have been adjusted based on channel attention.

E. Model Training

The next stage is Model training, carried out through two
systematic experiments designed to measure the contribution
of integrating the Efficient Channel Attention (ECA) module
to improving ship detection performance. The entire
computational process was run in the Kaggle Notebook
environment with NVIDIA Tesla T4 x 2 GPU support, using
the latest version of the Ultralytics YOLO framework based
on PyTorch and CUDA 12.1. The hyperparameter
configuration and training protocol for each stage of the
experiment are summarized in Table .

TABLEI
TRAINING HYPERPARAMETER CONFIGURATION

Parameter Value
Epochs 500

Batch Size 8

Image Size 640 x 640

2713
Optimizer AdamW
Learning Rate 1x10°3
Weight Decay 5x10*
Warmup Epochs 5
LR Scheduler Cosine Decay
Random Seed [42, 123, 456, 1234, 3407]

All experimental scenarios used the same YOLO12-L
backbone and were conducted with the same hyperparameter
configuration presented in Table 1. The only variable across
experiments was the presence of the Efficient Channel
Attention (ECA) module.

Experiment 1 (Baseline) established the fundamental
performance by training the YOLO12-L architecture from
scratch (pretrained = False). This approach eliminated
potential biases introduced by transfer learning from external
datasets, ensuring that the model’s convergence and
generalization were evaluated solely on the basis of the visual
characteristics of the maritime dataset. The training duration
was extended to 500 epochs to facilitate comprehensive
hierarchical feature extraction and optimal convergence. To
ensure statistical robustness, each configuration was trained
across five distinct random seeds. Advanced training
techniques, including a cosine annealing learning rate
scheduler, a 5-epoch warmup phase, and Automatic Mixed
Precision (AMP), were employed to stabilize gradient updates
and accelerate convergence without compromising numerical
precision. Additionally, deterministic execution
(deterministic = True) and multi-threaded data loading
(workers = 4) were configured to guarantee reproducibility
across all training sessions.

Experiment 2 (ECA) aimed to test the effectiveness of the
Efficient Channel Attention (ECA) module when integrated
into the YOLO12-L architecture. Training was still performed
from scratch, with hyperparameter configurations fully
aligned with those in Experiment 1, to ensure a head-to-head
comparison between the baseline model and the attention-
integrated variant. Varying the random seed across both
experiments verified that the performance improvements
obtained were consistent and independent of stochastic
initialization effects. A patience parameter of 50 was used to
prevent overfitting, automatically stopping training if
validation metrics showed no significant improvement over
50 consecutive epochs. The ECA integration was performed
modularly at layer 18 (P4 level), which handles medium-
resolution feature maps optimal for capturing multi-scale
maritime objects without altering the main gradient
propagation flow, thereby clearly isolating the contribution of
feature channel filtering from other training factors.

By structuring the experiment into two controlled
scenarios, this study not only measures overall accuracy
improvements but also isolates the specific contribution of the
attention architecture. This approach ensures that any claimed
performance improvements are methodologically sound,
validated through rigorous multi-seed testing, and yield
reproducible conclusions in the context of aerial imagery-
based maritime object detection.
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F. Model Testing on Test Data

The model testing phase was conducted using test data
that had been separated from the beginning of the experiment,
consisting of 124 images not involved in the training process.
Evaluations were conducted five times, depending on the seed
variations used in this study. This iterative evaluation
approach aimed to test the model’s robustness to stochastic
initialization variability and ensure that the reported metrics
reflected true generalization ability, not the luck of the initial
weight initialization.

In the testing phase, model performance was measured
using four standard object detection metrics: Precision,
Recall, mMAP@50, and mAP@50-95. Mathematically, these
metrics are calculated using the following formulas.

Precision is a metric that measures the accuracy of a
model’s predictions, namely, the fraction of detections that
are correct out of all detections generated [10].

TP

Precision = m (6)

where TP (True Positive) is the number of correct
detections, and FP (False Positive) is the number of incorrect
detections.

Recall is a metric used to measure the extent to which a
model can find all objects in the test data [10].

TP
Recall = TP-I-—FN (7)

where FN (False Negative) is the number of undetected
objects.

MAP@50 (mean Average Precision at loU threshold of
0.5) is a combined metric that takes into account both
precision and recall at an Intersection over Union (loU)
threshold of 0.5 [10].

N
1
mAP@50 = NZ AP, (8)

where AP; is the Average Precision of each class, and N is
the number of classes.

For a more rigorous evaluation of object boundary
accuracy, this study also reports mAP@50-95, the average
Average Precision across 10 loU thresholds (0.5 to 0.95 with
0.05 intervals) [10].

io Y mav e 9)

0.05 increments.

Concurrently, the qualitative verification is conducted by
evaluating the model’s inference performance across different
object scales, specifically categorized into small-, medium-,
and large-scale ship objects. This comprehensive evaluation
methodology ensures that the final evaluation captures both
statistical macro-performance and granular real-world
localization robustness. All metric calculations and visual
inferences are performed automatically through the
Ultralytics YOLO framework’s built-in evaluation pipeline,

which is standardized and aligned with international computer
vision benchmark protocols.

G. Model Evaluation

In the model evaluation phase, a scientific comparison
was conducted to assess the consistency and robustness of
performance between YOLO12-L without the attention
module and YOLO12-L with the Efficient Channel Attention
(ECA) module. Unlike conventional parametric statistical
approaches, such as the t-test, which assume normality in
evaluation metrics, this study used the more robust Paired
Bootstrap Median Test to assess the significance of
performance differences [26].

The bootstrap median method was chosen because it can
generate confidence interval estimates without requiring
specific distributional assumptions and is more resilient to
outliers and asymmetric distributions, making it particularly
suitable for deep learning metrics whose distributions are
often non-normal in small samples [26]. The bootstrap
procedure was performed using a resampling technique of
100 iterations of five pairs of matrix values obtained from
identical random seed variations in both models.

Mathematically, the median bootstrap procedure for
calculating a 95% confidence interval can be formulated as
follows. Suppose there are two paired samples X = {X1,X2,...,Xn
Yand Y = {ys,Y2,....yn} With n = 5 seed pairs, where xi is the
MAP@50 of the baseline model, and yi is the mAP@50 of the
ECA model at the i"" seed. The median of each sample is
defined as follows.

X = median(X), ¥ = median(Y) (10)
The median difference is defined as:
A=3 — % (11)

At each bootstrap iteration b (with b = 1,2,...,.Band B =
100), random sampling with replacement is performed from
X and Y to produce bootstrap samples X** and Y+°. The median
difference is calculated for each pair of bootstrap samples
using the following formula.

A" = median(Y*?) — median(X*?) (12)

The distributions of A1 A*,.. A*® are then used to
construct 95% confidence intervals using the BCa (Bias-
Corrected and Accelerated) method, which corrects for bias
and skewness in the bootstrap distribution [26]. The lower and
upper limits of the confidence intervals are determined by the
adjusted percentiles of the bootstrap distribution, as in the
following equation.

Clasy, = [4*(), 47(w2)] (13)
where a1 and oy are percentiles corrected for bias and
acceleration factors.

The hypotheses tested are:

e Ho: 6,-61 =0 (no difference in median performance)
e Hi: 6, - 6, # 0 (there is a difference in median
performance)

where 61 and 6, are the population medians of the baseline
and ECA models, the p-values were calculated using the shift
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bootstrap method with median-centering under the null
hypothesis [12].

If the 95% confidence interval does not include zero and
the p-value is <0.05, then the difference in median
performance is statistically significant.

In addition to significance testing, the evaluation also
includes an analysis of model stability by comparing the
standard deviations of evaluation metrics between seeds. A
decrease in performance variability in the ECA model relative
to the baseline will be interpreted as an increase in the model’s
robustness to random initialization variations, a critical aspect
for deploying object detection systems in dynamic operational
environments.

I1l. RESULTS AND DISCUSSION

After going through the stages of dataset collection, data
preprocessing, integration of the Efficient Channel Attention
module, and implementation of two stages of training
experiments with a multi-seed configuration, this section
presents the results and discussion of the research that has
been conducted. The results obtained from training the
YOLO12-L model, both the baseline version and the one that
has been integrated with ECA, were then evaluated through
key performance metrics and statistically tested to determine
the significance of the differences. In addition, qualitative
analysis through visualization of detection results was also
conducted to provide interpretive context for the quantitative
findings.

A. Data Augmentation Results

The data augmentation phase, executed on-the-fly during
the training process, successfully produced a variety of
training images with higher visual diversity than the original
dataset. Each training batch had the probability of
transforming, such as horizontal flips, brightness and contrast
adjustments through the HSV color space, and minor object
position shifts and scaling. With this variation, the model
gained exposure to a broader data distribution, thus improving
its generalization ability when tested with previously unseen
data. A sample of the data augmentation results can be seen
in Figure 4.

Based on Figure 4, the visualization of the augmentation
results shows that the vessel object can appear in visual
conditions different from the original image without changing
its geometric structure or aspect ratio. For example, a vessel
initially centered in the frame can be shifted laterally,
subjected to changes in lighting intensity, or displayed in a
mirrored orientation without losing its structural detail. These
transformations are intentionally designed to be of limited
intensity to preserve the optical characteristics of maritime
aerial imagery, while still introducing enough variation to
prevent the model from memorizing static patterns
(overfitting).

Figure 4. Visualization of Augmentation Results

The impact of this augmentation is clearly visible in the
initial training dynamics, where the model exhibits more
stable convergence and a consistent reduction in validation
loss. The basic augmentation strategy successfully enriched
the feature representation without shifting the original domain
distribution, allowing the model to not rely solely on fixed
visual patterns but also learn to recognize vessels in more
realistic variations in lighting, viewpoints, and spatial
positions. This approach is particularly relevant given that
operational conditions in the field often involve reflections of
water surfaces (sun glint), variations in solar intensity, and
vessel positions that are not always centered in the image.

B. Model Design Results

At this stage, the YOLO12-L architecture, described in
Chapter I, integrates the Efficient Channel Attention (ECA)
module to improve the selectivity of channel features in ship
object detection. The model architecture design focused on
the structured insertion of the ECA module into the YOLO12-
L feature processing pipeline, particularly in the medium-
resolution backbone layer. This modification is designed to
strengthen the representation of channel features relevant to
ship objects without disrupting the skip connection
mechanism or multi-scale feature distribution in the detection
stage.

The designed model architecture consists of three main
components with a total of 24 processing layers. In the
backbone, the input image is processed through a series of
convolutional layers and a C3K2 block for hierarchical
feature extraction, followed by an A2C2f (Advanced C2f)
block that deepens the spatial representation. Table Il presents
a summary of the implemented architecture configuration.

TABLE II.
YOLO12 + ECA ARCHITECTURAL CONFIGURATION

Layer Module Output Channel
Backbone
0-1 Conv 64 — 128
2 C3K2 256
34 Conv + C3K2 512
5-6 Conv + A2C2f 512
7-8 Conv + A2C2f 1024

Improving YOLO12 Performance Using Efficient Channel Attention For Ship Object Detection
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18 ECA 512 e —
19-22 A2C2f + Conv + Concat 512-1024 » o+ : ; ;
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23| Detect [ nc=1 I Z s j

Based on Table I, the Efficient Channel Attention (ECA)
module is integrated at layer 18 of the architecture, directly
after the A2C2f block at feature level P4 (Feature Pyramid
Level 4), which has 512 channels. The integration of the ECA
module at this specific layer is governed by three critical
technical factors regarding the Feature Pyramid Network
(FPN) hierarchy and the visual characteristics of ship objects
in aerial datasets.

First, regarding object scale alignment, in the YOLO
architecture, level P3 handles small objects, P4 handles
medium-sized objects, and P5 handles large objects. In
remote sensing datasets, ship objects generally occupy a
medium-sized pixel area (around 10-20% of the image size).
They are rarely very small objects (such as pedestrians) or
very large objects that fill the screen. Level P4 represents the
optimal point where spatial features still retain sufficient
resolution to localize the ship’s shape, but semantic
information is mature enough to distinguish it from the
background.

Second, in terms of semantic feature maturity, placing the
attention module at the backbone (beginning) risks disrupting
basic feature extraction (edges, textures), while placing it at
the head (end) often results in delays due to the drastic
reduction in spatial information. The P4 level at the neck is
strategically located where features have already gone
through a fairly deep convolution block (A2C2f), so the
feature maps are already rich in semantic meaning but have
not undergone the extreme downsampling of P5. The ECA
mechanism here functions as a “filter gate” that filters out
background ocean noise (such as wave patterns or sun glint)
before concatenating the features for the final prediction.

To empirically validate this “filter gate” capability and
satisfy the structural verification of the attention mechanism,
Figure 5 illustrates the visual transition of the intermediate
feature maps before and after the ECA execution.

nnnnnnnn

[ f“ —Z Gl |

TEY 8

As demonstrated in Figure 5, the visual evidence confirms
that the baseline feature maps (a) contain substantial
background clutter, where high activation intensities (bright
regions) are broad and unfocused, mistakenly tracking wave
Crests and sun glint distortions on the sea surface.
Conversely, upon passing through the ECA block (b), the
activation maps exhibit clear spatial contraction and channel
refinement. The energy paths become highly concentrated on
the precise geometric boundaries of the vessel hulls, while the
surrounding maritime background noise is visibly suppressed
and attenuated. This visual confirmation proves that the ECA
module successfully forces the network to prioritize
discriminative ship features over complex environmental
distractors.

Third, concerning computational efficiency and noise
propagation reduction, focusing the attention selection on a
single dominant representation path at the P4 level prevents
the linear inflation of parameters that occurs when installing
attention mechanisms across all blocks (P3, P4, and P5). To
substantiate the claim that this architectural modification
offers a highly lightweight solution viable for real-time edge
deployment, Table Il provides a comprehensive comparative
breakdown of the network architecture complexities.

Figure 5. Feature Map Visualization

TABLE 11
COMPUTATIONAL COMPLEXITY AND OVERHEAD ANALYSIS
Model Parameters | FLOPs | Inference | Overhead
Speed
YOLO12 26.389.875 89.4 11.0 FPS -
YOLO12 26.389.880 89.4 10.7 FPS ~2.5%
+ ECA

The empirical measurements in Table Il confirm the
computational efficiency of the proposed architecture. The
integration of the ECA module introduces a negligible
increase of 5 parameters to the baseline network (expanding
from 26.389.875 to 26.389.880). Furthermore, the overall
floating-point operations remain identical at 89.4 GFLOPs,
indicating that the 1D convolution operation within the ECA
channel-weight generation branch adds virtually no
computational strain. In terms of runtime throughput, the
inference speed decreases by 0.3 FPS (from 11.0 to 10.7 FPS),
corresponding to a very marginal processing overhead of
approximately 2.5%. This balance confirms that the model
maintains its operational throughput, demonstrating that the
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architectural modification introduces profound feature
selectivity at nearly zero computational cost.

To provide a visual representation of the integration flow,
the resulting architectural diagram is presented in Figure 6
below.

Input
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Figure 6. ECA Architecture Implementation on YOLO12

Figure 6 shows the complete feature processing flow, from
image input to feature extraction on the backbone, multi-scale
fusion on the neck, and final prediction on the head. The
integration of the ECA module is explicitly demonstrated at
layer 18, placed on the neck branch at level P4 (512 channels).

The diagram shows that the feature maps output from the
previous A2C2f block are directed to the ECA side-branch
pathway, where spatial information is compressed into
channel vectors through Global Average Pooling, then
processed by 1D convolution and sigmoid activation to
generate attention weights. These weights are then returned to
the main pathway through element-wise multiplication, so
that the channel-selected features are directly forwarded to the
next A2C2f block. This placement visually confirms that the
ECA modules operate in parallel without interrupting the
gradient flow or disrupting the concatenation mechanism in
the Feature Pyramid Network, ensuring that the multi-scale
detection structure (P3, P4, P5) remains functional as
originally designed.

Overall, the model design results confirm that the
integration of the Efficient Channel Attention module into the
YOLO12-L architecture can be implemented modularly,
efficiently, and without compromising the integrity of the
baseline structure. The placement of ECA at layer 18 at the
P4 level has proven strategic for selecting dominant mid-scale
feature channels in ship objects, while the very marginal
parameter addition and computational overhead ensure that
the model remains viable for real-time detection applications.
With this architecture visually and mathematically verified,
the research is ready to move on to the empirical training and
testing phase to measure the actual impact of the attention
mechanism on improving detection performance.

C. Model Training Results

The training process for the two experimental scenarios
was conducted entirely from scratch to ensure a fair and
methodologically sound comparison between the baseline
architecture and the proposed ECA-integrated variant. By
initializing all network weights randomly, this approach
isolates the architectural contribution of the attention module
without relying on transfer learning priors from external
datasets. Both the YOLO12-L Baseline and YOLO12-L +
ECA models required extended training durations, reaching
stable convergence between the 350th and 400th epochs. This
pattern indicates that learning hierarchical features directly
from the maritime aerial imagery dataset necessitates a
broader exploration of the parameter space before the models
can effectively generalize to vessel detection tasks. The
dynamics of this optimization process are illustrated in the
training and validation loss curves presented in Figure 7
below.

0 ol 120 156 240 a0 360 20 ¢ Ly 120 150 M0 300 360 40
pech

Figure 7. Training and Validation Loss Graphs of Baseline and ECA

Figure 7 shows that the training box loss and classification
loss values decreased drastically in the first 60 epochs for both
models, indicating an aggressive early learning phase. The
graph also shows that the model with ECA integration (purple
line) has a slightly more stable validation loss than the
baseline (green line) after the 180th epoch, especially for the
box loss, which is related to the accuracy of the bounding box
localizer. Smaller fluctuations in the ECA validation curve
indicate that the feature channel filtering mechanism helps the
model avoid overfitting and maintains better generalization.
The evolution of the evaluation metrics during training is
shown in Figure 8 below.

Improving YOLO12 Performance Using Efficient Channel Attention For Ship Object Detection
(Richard Christoper Subianto, Muhammad Naufal, Farrikh Alzami)



2718

e-ISSN: 2548-6861

Precision (mean = sid) Recallfmeon & sul)

0 0 120 80 om0 w0 3@ 420 il @ 20 180 P am
Faach Fpoch

MAPES-05 (maan + sed)

metrics mAPS0-958)

0 0 120 180 20 ano s a2 o @ 120 150 XU I am
Eoch Tpach

Figure 8. Development of Evaluation Metrics During Training

Figure 8 shows that the precision and recall metrics
increase sharply in the first 60 epochs, then reach a relatively

stable plateau. The ECA model exhibits a slightly higher
recall pattern than the baseline in the 240-360 epoch range,
consistent with the attention module’s ability to detect more
ship objects, especially small ones. However, the absolute
difference between the two models is not striking in this
aggregate graph, necessitating a more in-depth quantitative
analysis using the final summary metrics.

The mAP@50 and mAP@50-95 graphs at the bottom of
Figure 8 show parallel convergence patterns between the
baseline and ECA models, with both metrics reaching
saturation at epochs 300-350. The gradual increase in
MAP@50-95 indicates that the model not only learns to detect
objects (IoU > 0.5) correctly but also improves the accuracy
of its bounding box localization at more stringent loU
thresholds (up to 0.95). The stability of the curve in the final
training phase (>350 epochs) was the basis for setting a
duration of 500 epochs to ensure optimal convergence of the
model. This is also supported by the final average value and
standard deviation, as shown in Table IV below.

TABLE IV
SUMMARY OF FINAL EPOCH VALUES (MEAN * STD)

Metric YOLO12-L YOLO12-L + ECA
precision(B) 0.911 + 0.029 0.925 + 0.028
recall(B) 0.579 +0.011 0.569 = 0.014
mAP@50(B) 0.705 +0.011 0.715 = 0.003
MAP@50-95(B) 0.491 + 0.006 0.495 + 0.003

Table 1V shows the performance comparison between
YOLO12-L and YOLO12-L + ECA, both trained from
scratch without pretrained COCO weights to eliminate
transfer learning bias. By turning off pretrained initialization
(pretrained = False), the model’s convergence ability was
measured purely based on the visual characteristics of the ship
dataset, ensuring that the architectural contribution of ECA
could be assessed independently. In this comparison, the ECA
integration resulted in a 1.0 percentage point increase in
MAP@50, from 70.5% + 1.1% to 71.5% + 0.3%.

This improvement was also accompanied by an increase in
precision, from 91.1% * 2.9% to 92.5% % 2.8%, indicating
that the feature channel filtering mechanism helped the model
produce more accurate positive predictions. On the other
hand, recall decreased marginally from 57.9% + 1.1% to
56.9% =+ 1.4%, reflecting the natural trade-off between
precision and recall: models with ECA tend to be more
selective in their detections, thus reducing false positives but
slightly increasing the risk of false negatives for very small or
partially occluded objects.

The observed variance patterns in the ECA metrics also
provide important insights. The lower standard deviation of
MAP@50 in the ECA model (£0.3% vs. +1.1% in the
baseline) reflects the attention module’s stability under

random initialization, with all seeds producing more
consistent performance. This phenomenon further reinforces
the importance of the multi-seed training protocol
implemented in this study, as reporting results from a single
seed risks yielding unrepresentative conclusions about the
model’s true generalization ability.

Overall, the training results confirm three key findings: (1)
training from scratch requires a longer optimization duration
(~500 epochs) to reach learning saturation, as the model must
independently construct hierarchical feature representations
without prior domain knowledge; (2) the integration of the
ECA module yields consistent improvements in accuracy
metrics (MAP@50 and precision) while substantially
reducing performance variance across seed variations; and (3)
the attention mechanism effectively stabilizes the validation
loss trajectory, indicating enhanced generalization and
reduced susceptibility to stochastic initialization effects.
These observations validate the robustness of the multi-seed
scratch training protocol and provide a solid foundation for
the subsequent evaluation on unseen test data and statistical
significance testing.

D. Test Results on Test Data
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After the training process was completed, the two models
were evaluated using 124 test images not used during training.
The evaluation was performed five times using the
predetermined random seed values (42, 123, 456, 1234, and
3407) to ensure the consistency and reproducibility of the
results. Tables V and V1 show the performance results of each
model for each seed used, while the comparative analysis is
summarized in Table VII.

ECA model achieves an average mAP@50 value of 71.5% =+
0.3% with a lower standard deviation than the baseline of
+1.1%, indicating more consistent stability across the five
random seed variations. The 1.4% increase in precision (from
91.1% to 92.5%) indicates that the channel attention
mechanism successfully helps the model produce more
accurate positive predictions.

TABLE VI.
TABLE V. YOLO12-L + ECA TEST RESULTS
YOLO12-L TEST RESULTS
seed | mAP@50 | MAP@S0- | procision | Recall
Seed | mAP@50 | MAP@S0- | brocicion | Recall 9
95 a2 0.7224 0.5006 0.9604 057
42 0.7025 0.4914 0.9157 0.5872 123 0.7112 0.494 0.9119 0.556
123 0.7031 0.4953 0.9607 0.5705 456 0.7157 0.4902 0.8749 0.6101
456 0.7087 0.488 0.9171 0.5671 1234 0.7132 0.4927 0.962 0.5436
1234 0.7237 0.5015 0.8839 0.5973 3407 0.7125 0.4995 0.9033 0.5671
3407 0.6897 0.4818 0.8781 05772 Mean | 0.715+ 0.495 + 0925+ | 0569+
Mean | 0.705+ 0.491 + 0911+ | 0579+ +Std 0.003 0.003 0.028 0.014
+5td 0.011 0.006 0.029 0.011

Based on Table VV and Table VI, the model with ECA
integration shows better performance than the baseline. The

To place the contribution of this research in the context of
developments in the field of ship detection, Table VI presents
a comparison of the results with previous studies.

TABLE VI
COMPARISON OF RESEARCH RESULTS

Author (Year) Metode Precision Recall mAP@50 MAP@50-95

YOLOV3 0.71 0.44 0.49 -

Patel et al. (2022) [16] YOLOv4 0.67 0.59 0.61 -

YOLOV5 0.7 0.63 0.65 -

Das & Aravinth (2025) [2] YOLOV8 0.52 0.42 0.44 0.26
. YOLO12 0.911+0.029 0.579+0.011 0.705+0.011 0.491+0.006
This research

YOLO12 + ECA 0.925+ 0.028 0.569+0.014 0.715+0.003 0.495+0.003

Based on Table VII, this study demonstrates superior
performance compared to previous studies. The mMAP@50
value of 71.5% exceeds the results achieved by Patel et al.
(2022), which ranged from 49% to 65% using YOLOV3,
YOLOv4, and YOLOV5, and Das & Aravinth (2025),
which achieved 44% with YOLOVS. Even the YOLO12-L
baseline (70.5% mAP@50) outperforms these prior works,
underscoring the inherent advantages of the YOLO12-L
architecture for maritime object detection.

To complement these quantitative metrics with
qualitative  insights  across  varying  operational
complexities, Table VIII presents a multi-scale visual
evaluation of the prediction outputs. This qualitative testing
was conducted using a Python-based inference script on the
test dataset to evaluate generalization across small,
medium, and large targets under standard confidence
thresholds of 0.25 at 640x640 pixels.
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TABLE VIII
COMPARISON OF DETECTION RESULTS ON VARIOUS SCALES

Model Small

3

GT

YOLO12-L

YOLO12-L
+ ECA

Table VIII employs a standardized color scheme to
facilitate clear interpretation: green bounding boxes represent
Ground Truth (GT), yellow boxes indicate detections by the
YOLO12-L baseline, and blue boxes denote the proposed
YOLO12-L + ECA model. As demonstrated in Table VIII,
the YOLO12-L + ECA model exhibits markedly superior
detection reliability, with consistent improvements in
confidence calibration across all object scales.

In the Small scale category, the ECA-integrated model
demonstrates a critical improvement in worst-case detection
reliability. While the Baseline occasionally produces low-
confidence predictions for small wvessels (minimum
confidence: 0.52), the ECA model elevates this minimum
threshold to 0.61—a relative improvement of 17.3% in the
lower bound of detection certainty. This shift indicates that
the ECA module effectively suppresses background noise
while amplifying discriminative structural cues of smaller
objects, thereby reducing the risk of missed detections. For
the Medium scale, particularly in high-density docking
environments, the ECA model achieves substantially higher
and more stable confidence scores. In clustered scenarios
where the Baseline exhibits moderate detection certainty
(~0.62), the ECA model attains significantly elevated
confidence levels ranging from 0.71 to 0.83. This represents

E‘n-r e

Medium

an improvement of up to 33.9% in detection certainty,
confirming that the channel attention mechanism effectively
disentangles overlapping features in crowded scenes. In the
Large scale category, the ECA model maintains the high-
precision localization capability of the baseline while adding
an additional layer of feature-level stability, sustaining
confidence scores > 0.90 for large cargo ships.

The qualitative evidence gathered across these diverse
operational conditions confirms that integrating the ECA
module enhances the model’s robustness to optical distortions
and scale variations without degrading overall spatial
alignment.

E. Statistical Analysis (Median Bootstrap Test)

To validate the consistency of the results obtained, this
study applies the Paired Bootstrap Median Test method with
100 resampling iterations using the BCa (Bias-Corrected and
Accelerated) method. This method was chosen because it is
more robust than standard parametric statistical tests,
especially in handling Deep Learning evaluation metrics
whose distributions are not always normal and have high
variability in small samples, as well as utilizing the paired
nature of data generated by identical seeds [12], [26]. The
results of the estimated performance differences along with
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95% confidence intervals (95% CI) are summarized in Table
IX.

TABLE IX
MEDIAN BOOTSTRAP TEST RESULTS

Metric Median Difference p-

Baseline | ECA value

mAP@50 0.7031 | 0.7132 +0.0101 0.02
(+1.01%)

mMAP@50-95 | 0.4914 | 0.4940 +0.0026 0.59
(+0.26%)

Precision 0.9157 | 0.9119 +0.0038 0.69
(+0.38%)

Recall 0.5772 | 0.5671 -0.0101 0.349
(-1.01%)

Based on Table 1X, the median mAP@50 for the Baseline
model was recorded at 0.7031, while the median for the ECA
model was 0.7132. The median difference of +0.0101
(+1.01%) indicates that the ECA model has a higher median
performance than the baseline model.

The hypothesis test results show a p-value of 0.02, which
is less than the a = 0.05 significance level. This indicates that
the difference in median performance between the Baseline
Scratch model and the ECA-integrated model is statistically
significant. Therefore, the null hypothesis (Ho: 62 - 61 = 0) is
rejected, and it can be concluded that the ECA module
integration provides a significant median performance
improvement at the 95% confidence level.

The significant p-value (0.02) provides strong evidence
that the median improvement of +1.01% is not simply due to
random variations in weight initialization, but rather reflects
a significant contribution from the Efficient Channel
Attention mechanism in improving channel feature
selectivity. This finding is in line with the characteristics of
the ECA module, which is designed to strengthen the feature
representation in channels relevant to the ship object while
suppressing the response in channels containing marine
background noise.

This finding is reinforced by the model stability analysis,
which shows a drastic decrease in the standard deviation of
MAP@50 from +1.1% in the Baseline model to £0.3% in the
ECA model, representing a 72.7% reduction in performance
variability. This phenomenon confirms that the ECA
mechanism functions effectively as a feature selection filter,
significantly improving median performance and stabilizing
the model parameter space against random initialization
variations.

The Baseline model tends to have performance that is
highly dependent on specific weight initializations (e.g., seed
1234 achieves 0.7237, but seed 3407 drops to 0.6897). In
contrast, the ECA model narrows this performance range
(0.7112 to 0.7224), ensuring consistent, reproducible results
regardless of the initial weight initialization.

In the context of real-time ship detection applications, the
combination of a statistically significant median performance
improvement and significantly improved stability is crucial.
A system with high median accuracy and low variance
ensures consistent and reliable output in dynamic operational
environments, where lighting conditions, wave textures, and
object occlusions can change unpredictably. Therefore, the
integration of ECA has been shown to improve system
reliability by strengthening feature generalization and
significantly improving median performance.

1VV. CONCLUSION

This study successfully implemented and evaluated the
integration of the Efficient Channel Attention (ECA) module
into the YOLO12-L architecture to enhance ship object
detection in aerial imagery. By employing a multi-seed
scratch training protocol and rigorous statistical validation via
the Paired Bootstrap Median Test, this research not only
quantified detection improvements but also explicitly verified
the statistical significance of the performance gains and the
model’s robustness against random initialization variability.

Experimental results demonstrated that strategically
embedding the ECA module at the P4 feature level increased
the median mAP@50 by 1.01% (from 0.7031 to 0.7132) and
enhanced the mean precision by 1.4% relative to the baseline
model. Crucially, the Paired Bootstrap Median Test
confirmed that this improvement is statistically significant (p
= 0.02 < 0.05), indicating that the performance improvement
stems directly from the architectural modification rather than
stochastic weight initialization effects.

Beyond accuracy extensions, the most notable contribution
of this research lies in the substantial enhancement of model
stability. Upon integrating the ECA module, the mAP@50
standard deviation dropped sharply from £1.1% to +0.3%,
representing a 72.7% reduction in performance variance. This
empirical outcome confirms that the channel-wise feature
filtering mechanism effectively stabilizes the model’s
parameter space, yielding highly consistent and reproducible
predictions across diverse seeds. The synergy between
statistically significant precision gains and enhanced
operational stability makes the proposed architecture highly
viable for real-time maritime monitoring applications.

Qualitative validation through inference testing further
supported these quantitative metrics, demonstrating the
model’s ability to localize vessels while accurately
suppressing complex marine background clutter. However, a
minor trade-off in recall was observed, attributable to the
attention module’s  highly selective feature-gating
mechanism.

Despite these robust findings, the study’s limitations
include a modest improvement in overall mAP, a slight recall
reduction for ultra-small vessels, and the absence of a direct
empirical comparison with alternative attention modules such
as CBAM, SE, or Coordinate Attention on this specific
dataset. Additionally, the evaluation scope remains restricted
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to static aerial imagery under standard lighting conditions.
Future work should explore hybrid spatial-channel attention
mechanisms or multi-scale feature fusion to balance the
precision-recall trade-off effectively. Furthermore, expanding
dataset diversity to encompass extreme weather conditions
and dynamic video streams, and pursuing hardware-aware
compression, will be vital steps toward deploying energy-
efficient, edge-ready maritime surveillance systems.
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