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Abstract: [Objective] Detecting dense and small aquaculture net cages in complex backgrounds is difficult, the purpose of
this study is to build a specialized dataset and design a targeted detection model that enhances recognition accuracy and ro-
bustness for practical aquaculture management. [Methods] A dataset of aquaculture net cages was constructed using high-
resolution remote sensing imagery collected from seven representative farming regions (Australia, Canada, Chile, Croatia,
Greece, China, and the Faroe Islands), and Cage-YOLO, a deep learning model based on YOLOVS, was proposed for de-
tecting dense and small aquaculture net cages. First, an adaptive dense perception algorithm was introduced, which auto-
matically selects and generates feature maps that reflect the high-density distribution of small aquaculture net cages. Sec-
ond, an enhanced module based on spatial pyramid pooling fast was integrated to effectively reduce background noise in-
terference and improve global feature extraction capabilities. Finally, a mixed attention block was incorporated to further
enhance the model's perception of dense and small objects. [Results and Discussions] Experimental results showed that
the proposed Cage-YOLO achieved improvements over the original YOLOVS in terms of precision, recall, and mean aver-
age precision by 5.6, 21.8, and 17.4 percentage points, respectively. The model size was maintained at 16.9 MB, demon-
strating both strong performance and deployment advantages. [Conclusions] This study provides a new approach for
dense and small object detection and offers technical support for the intelligent management of marine cage aquaculture.
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maximize the yield of net cage aquaculture faces many

Food security is crucial for the sustainable devel-
opment of the world. In recent years, with the global
population growth and the increasing exploitation of
marine resources, marine net cage culture™ is develop-
ing rapidly worldwide as an efficient and sustainable
aquaculture method. However, with the expansion of
aquaculture scale, rational use of natural resources to
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challenges. Traditional manual monitoring methods
are inefficient and limited in coverage, so the introduc-
tion of remote sensing technology and object detection
methods provides a new solution to rationalize the dis-
tribution of marine net cage aquaculture.

Remote sensing images have the characteristics
of wide coverage, high resolution and real-time, which
can quickly obtain the distribution information of
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farmed aquaculture net cages in large sea areas.
Through the object detection technology of remote
sensing images”, the spatial distribution characteris-
tics of the aquaculture net cages can be automatically
identified and extracted to realize the monitoring of
the position of the aquaculture net cages, which pro-
vides a solid database for the position distribution of
marine net cages aquaculture, and also provides a sci-
entific basis for the subsequent research. However, in
the remote sensing image, the aquaculture net cage oc-
cupies few pixels, the resolution is relatively low, the
appearance information is insufficient, and it is easy to
miss detection during detection. Therefore, it is of
high research significance and value to improve the de-
tection accuracy of the aquaculture net cages in remote
sensing images.

In recent years, with the rapid development of
deep learning, object detection algorithms have experi-
enced an evolution from traditional algorithms to two-
stage and single-stage methods based on deep learn-
ing, with significant improvements in detection speed
and accuracy. Traditional algorithms rely on hand-de-
signed features and classifiers to classify and locate ob-
jects through candidate region generation, feature ex-
traction, and the use of support vector machine
(SVM)™ or linear regression models. Two-stage algo-
rithms based on deep learning divide the object detec-
tion task into two stages: candidate region generation
and classification and regression, and the representa-
tive algorithms include region-based convolutional
neural network (R-CNN)™, fast regionbased convolu-
tional neural network (Fast R-CNN)®, and faster re-
gionbased convolutional neural network (Faster R-
CNN)™. Although the two-stage object detection algo-
rithms are more advantageous in terms of accuracy
and detection effect, they often involve complex mod-
els and run slower. Single-stage methods combine ob-
ject localization and classification into a single pro-
cess, representative algorithms include single shot mul-
tibox detector (SSD)™ and YOLO (You Only Look

[8-11

Once) series™"", which have high speed but low detec-
tion accuracy, so researchers have focused on improv-
ing single-stage algorithms to balance speed and accu-
racy. GE et al."” proposed YOLOX on the basis of YO-
LOvS5, which treats the classification task and the re-
gression task separately to improve the detection accu-
racy and convergence speed. CBAM-YOLOv5™ in-
corporates

convolutional block attention module

(CBAM) in the backbone network, which enhances
the model's focus on the object region through channel
FE-YOLOv5""
model combines feature enhancement module (FEM)

and spatial attention mechanisms.

and spatial awareness module (SAM), which is used to
capture finer semantic information and foreground fea-
tures. KIM et al."” proposed an ECAP-YOLO model
that enhances the YOLO backbone network with an ef-
ficient pyramid channel attention mechanism. LUO et

al.!"®

improved YOLOvVS by combining a feature ex-
traction module containing three asymmetric convolu-
tions to enhance the extraction of obscure features.
The LCB-YOLOvV5"” model integrates a light-weight
stabilization module (LSM) and a cross-level partial
network with three convolutional structure modules
for extracting multi-dimensional features of small ob-
jects. In addition, anchor-box-free object detection al-
gorithms, such as fully convolutional one-stage
(FCOS)™ and FoveaBox!”, achieve object localiza-
tion by predicting whether each pixel point in the im-
age is the centroid of the object. Other approaches,
such as CornerNet”™, Grid R-CNN"", and Rep-
Points™, are also based on centroids, but model the
spatial structure of the object in a different way to im-
prove the localization accuracy. In recent years, detec-
tion models such as detection transformer (DETR)®,
Deformable DETR™, and Sparse R-CNN™, on the
other hand, propose a new end-to-end object detection
paradigm that no longer relies on the traditional candi-
date frame generation process, thus achieving a break-
through in methodology.

For the detection of small objects, many break-
throughs have also been made in recent years. BAI et

I proposed a multi-task generative adversarial net-

al.
work, which improves the detection performance of
small objects by introducing a super-resolution genera-
tor and a multi-task discriminator. The method not on-
ly performs high-quality super-resolution reconstruc-
tion of the small object region in the input image, but
also designs the discriminator to simultaneously per-
form the tasks of true-false image recognition, object
classification, and bounding box regression. By back-
propagating the classification and regression losses to
the generator, the model effectively recovers the detail
information, which significantly enhances the detect-
ability of small objects and achieves excellent perfor-
mance on complex datasets such as common objects in
context (COCO). BAI et al.” proposed a generative
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adversarial network (GAN) architecture that fuses su-
per-resolution and detail recovery for the problem of
blurry, low-resolution face detection in the field envi-
ronment. The method combines an upsampling net-
work with a detail-enhanced network to generate clear,
high-resolution images. Additionally, a classification
loss is incorporated during training to encourage the
generator to produce facial images with more discrimi-
native features, improving the distinguishability of dif-
ferent identities.

Moreover, the discriminator not only determines
whether the image is true or false, but also determines
whether it is a face at the same time. The method per-
forms well on the WIDER FACE dataset and signifi-
cantly outperforms existing methods, especially on the
most challenging Hard subset. LI et al.” proposed per-
ceptual generative adversarial network (Perceptual
GAN), which aims to "super-resolve" the intermediate
features of a small object. The inputs were "super-reso-
lutionized" to better match the feature-space represen-
tation of large targets. The generator enhances the
small object features through residual learning, and the
discriminator combines perceptual and adversarial
losses to not only determine whether the features are
"real" but also to monitor whether they are useful for
the detection task. This method significantly improves
the performance of small target detection in traffic
sign and pedestrian detection tasks, which validates
the effectiveness of this strategy to enhance features at
the feature level. However, these methods typically re-
quire a large number of medium- and large-sized sam-
ples, which poses a significant challenge when per-
forming super-resolution on tiny objects with weak
signals. In addition, these methods are prone to faking
false textures and artifacts, which can degrade the de-
tection performance. More notably, super-resolution ar-
chitectures incur significant computational overhead,
complicating end-to-end optimization and posing diffi-
culties in practical applications of net cage aquaculture.

In addition to feature-level enhancement, recent
methods have explored detection-aware image pro-
cessing and architectural innovations. LI et al.” pro-
posed density-map guided object detection network
(DMNet), a density map guided detection framework
for aerial images, which estimates object distributions
using a multi-column convolutional network and gen-
erates non-uniform image crops based on density in-
tensity. This approach effectively preserves contextual

information and alleviates object truncation, thereby
improving small object detection accuracy in high-res-
olution aerial datasets. Similarly, HUANG and LIU™
proposed Libra EBox, a dense detector tailored for
scale imbalance, which introduces libra ellipse sam-
pling to increase sampling of small objects and residu-
al low-level feature enhancement to fuse multi-scale
low-resolution features with semantic information. A
feature alignment module is also employed to reduce
feature inconsistency across scales. Furthermore,
ZHANG et al.®" developed a cascade-based detec-
tion framework incorporating deformable convolu-
tions, interleaved bounding box-mask refinement,
cropping-based data augmentation, and model ensem-
ble, effectively enhancing detection of small and
densely distributed targets in unmanned aerial vehi-
cle (UAV) imagery. These approaches highlight the
importance of combining data-centric and structure-
aware strategies to tackle the inherent challenges in
small object detection.

In summary, deep learning based methods have
shown broad application prospects in small object de-
tection tasks in remote sensing images, and many re-
sults have been achieved. However, in the aquaculture
net cage detection task, it is significantly more diffi-
cult and more challenging compared to general small
object detection. First, the object size of aquaculture
net cages is extremely small, occupying only a very
small number of pixels in the remote sensing image,
which leads to their being easily overwhelmed by the
background information in the feature extraction pro-
cess. Second, the spatial distribution of the aquacul-
ture net cages is usually dense, and multiple objects
are often gathered in the same area. This high-density
distribution not only increases the overlap and occlu-
sion problem in the detection task, but also easily
causes mutual interference among the objects, which
leads to omission and misdetection.

The large image area is land and contains a large
amount of complex background information (e.g., veg-
etation, buildings), which poses a major challenge for
accurate object detection in remote-sensing imagery.
In addition, the aquaculture net cages are usually dis-
tributed in the darker ocean background, and their re-
flective signals are weaker compared to the brighter
land areas, which not only increases the difficulty of
distinguishing the object from the background, but al-
so further compresses the range of the model's percep-



Vol. 8, No. 2

TR CAGE-YOLO : 338 [EGE (R A K 7™ F7 58 A e 4 B2 /DN F ARG A Y 101

tion of the effective features. Accurate detection in re-
mote sensing images with complex backgrounds,
small objects, and dense distributions places high de-
mands on the model's feature extraction, contextual per-
ception, and fine-grained spatial reasoning capabilities.

To address the challenge of detecting densely dis-
tributed small aquaculture net cages, this study propos-
es the Cage-YOLO model incorporating three key
components. Adaptive dense perception algorithm
(ADPA) dynamically generates refined feature maps
according to target distribution density, enabling fo-
cused perception in small-object-dense regions and
adaptive multi-scale attention adjustment. Enhance-
ment spatial pyramid pooling fast (ESPPF) optimizes
the traditional SPPF®? structure to enhance global se-
mantic extraction and suppress background interfer-
ence during multi-scale fusion. Mixed attention block
(MAB) integrates spatial and channel attention for
fine-grained feature enhancement, strengthening the
network's ability to emphasize informative regions

b. Random color

a. Original image

¢. Contrast enhancement

while maintaining a lightweight architecture.

1 Dataset and methods

1.1 Dataset and implementation details

In this study, a self-constructed, high-resolution
remote sensing image dataset for marine net-cage
aquaculture was utilized. The data were sourced from
Google Earth satellite imagery and encompassed six
representative marine aquaculture regions worldwide:
Australia, Canada, Chile, Croatia, Greece, China, and
the Faroe Islands. Specifically, the dataset included 50
samples from Australia, 173 from Canada, 233 from
Chile, 56 from Croatia, 183 from Greece, 50 from Chi-
na, and 33 from the Faroe Islands. All samples were
collected from natural marine environments, as illus-
trated in Fig. 1. The original dataset comprised 778
high-resolution images, each with a spatial resolution
of 7 168x7 168 pixels, providing detailed and fine-
grained visual information.

d. Image flip e. Rotation

Fig. 1 Effect of aquaculture net cages image after data augmentation

During the data preprocessing phase, various aug-
mentation techniques were employed to improve the
model's generalization ability and mitigate the risk of

overfitting. Specifically, the dataset was expanded to
1 500 images through operations such as contrast en-
hancement, random rotations, color perturbations, and
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image flipping. These augmentations significantly in-
creased data diversity and enhanced model robustness.
For annotation, the Labeling tool was utilized to
meticulously annotate the aquaculture net cages within
each image, ensuring high annotation accuracy and
consistency. In the annotation process, both circular
and rectangular aquaculture net cages were carefully
labeled. Although the rectangular aquaculture net cag-
es often appear as grids composed of multiple smaller
units, from a practical perspective, these grids function
as an integrated structure within the aquaculture sys-
tem. Therefore, each rectangular aquaculture net cage
was annotated as a single holistic bounding box, rather
than marking each individual grid separately. The an-

notated bounding boxes for circular aquaculture net
cages were approximately 100x100 pixels, and for
rectangular aquaculture net cages approximately 220x
120 pixels, while the resolution of each image was
7 168x7 168 pixels. Thus, each cage occupied only a
very small portion of the overall image, typically less
than 0.05% of the total pixel area. Fig. 2 presents rep-
resentative annotated examples, showing that the aqua-
culture net cages are small in size and densely distrib-
uted, with many aquaculture net cages located close to
each other. The close proximity and small object size
pose inherent challenges for accurate detection within

the images.

Fig. 2 Examples of figure annotations in the detection of aquaculture net cages study

The dataset was initially stored in the Pascal
VOC 2007 format and subsequently converted into the
format required by the YOLO detection network. After
data augmentation, the dataset was divided into train-
ing, validation, and test sets at a 7:2:1 ratio. To ensure
consistency and prevent data leakage, the dataset split-
ting was conducted based on the original image identi-
fiers prior to augmentation, ensuring that augmented
images derived from the same source image were allo-
cated to the same subset as their corresponding origi-
nal image.

In the experimental setup, input images were re-
sized to 640%x640 pixels. The training was performed
with a batch size of 32 for 300 epochs. The initial
learning rate was set at 0.01, with a weight decay fac-
tor of 0.000 5 to regularize the learning process. Sto-

chastic gradient descent (SGD) was adopted as the op-
timizer, and the learning rate was updated using a co-
sine annealing schedule to facilitate smooth conver-
gence during training. For both the original YOLOvVS
and the proposed model, the initial weights provided
by the official YOLOvS implementation, which had
been pretrained on the COCO dataset, were utilized.
The model structure used the standard YOLOVS5 con-
figuration, with a depth multiple of 0.33 and a width
multiple of 0.50 to achieve a balance between detec-
tion performance and computational efficiency.

1.2 The structure of YOLOvV5

YOLOVS comprises four network variants, YO-
LOv5s, YOLOvSm, YOLOvVSI, and YOLOvVS5x charac-
terized by progressively increasing network width and



Vol. 8, No. 2

SR SCIAE . CAGE-YOLO : T8 B AR A /K 7= F7 5 46 v 2 /1N E A RGN A5 7Y 103

depth. While recognition accuracy improves across
these versions, this comes at the cost of reduced infer-
ence speed and increased hardware requirements. The
different YOLOVS5 versions have the same main struc-
ture but a few differences on some small modules. In
this study, YOLOV5-6.0 was selected as the baseline
model due to its favorable trade-off between computa-
tional efficiency and detection performance. The over-
all architecture of YOLOvV5-6.0 is illustrated in Fig. 3.
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Fig. 3 The network structure of YOLOVS5-6.0

The YOLOVS5 network consists of four main com-

ponents: image preprocessing, feature extraction
(Backbone), multi-scale feature fusion (Neck), and ob-
ject prediction (Head). During preprocessing, the Mo-
saic data augmentation strategy was employed, which
randomly spliced, scaled, and cropped multiple images
to generate diverse training samples, thereby enhanc-
ing the model's generalization capability. Additionally,
adaptive anchor box calculation and adaptive image
scaling were incorporated to optimize bounding box
dimensions and input resolution, further improving de-
tection accuracy and consistency across samples. The
preprocessed images were then passed to the Back-
bone module, which performed initial feature extrac-
tion through a combination of the convolution + batch
normalization + SiLU (CBS) structure, the CSPDark-
net53 network and structure, and the SPPF module.
The backbone network was composed of multiple
Conv, CSPDarkNet53 (C3), and SPPF modules. Spe-
cifically, the Conv module consisted of Conv2d, fol-
lowed by Batch Normalization and the sigmoid linear
unit (SiLU) activation function. The C3 module, de-
rived from CSPNet, served as the primary component
for learning residual features. It adopted a dual-branch
structure: one branch comprises three Conv modules

and multiple Bottleneck layers, while the other branch

contained only a single Conv module. The outputs of
both branches were concatenated and subsequently for-
warded to the following modules. At the end of the
backbone, the SPPF module was introduced, which
represents an enhanced variant of the spatial pyramid
pooling (SPP) module. Unlike the conventional SPP
that utilizes large-scale pooling kernels, SPPF em-
ployed a series of cascaded small-scale pooling ker-
nels. This design choice aimed to improve computa-
tional efficiency while preserving the original capabili-
ty of aggregating feature maps from different receptive
fields, thereby enhancing the feature representation ca-
pacity of the network. For multi-scale feature fusion,
the Neck module leveraged the path aggregation net-
work (PANet)™, which built upon the traditional fea-
ture pyramid network (FPN)"™ by introducing bottom-
up path enhancement. This design facilitates more effi-
cient information flow across different scales, thereby
improving the detection of objects with varying sizes.
In the final prediction stage, the Head module incorpo-
rated an improved complete intersection over union
(CIoU) loss function™ along with a weighted non-
maximum suppression (NMS) strategy. CloU extend-
ed the conventional ToU metric by including penalties
for center point distance and aspect ratio discrepan-
cies, thus enhancing bounding box localization accura-
cy. The weighted NMS further refined the detection
output by preserving high-confidence candidate boxes
while effectively suppressing redundant detections.

1.3 The structure of Cage-YOLO

Fig. 4 illustrates the network model of the pro-
posed Cage-YOLO, and the improvements include:
1) The introduction of the ADPA to effectively identify
the dense area of tiny aquaculture net cages. 2) The de-
sign of the feature enhancement block (FEBlock),
which was integrated into the SPPF to form the ESP-
PF in the middle row, weakening the background noise
and improving the global feature extraction. 3) Incor-
porating the MAB into the backbone network enhanc-
es feature representation and enables more accurate
feature selection and information extraction.

1.4 Adaptive dense sensing algorithm

In object detection within remote sensing imag-
ery, it is difficult to detect effectively due to the wide
image background and the small size and dense distri-
bution of the aquaculture net cages. Therefore, the AD-
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Fig. 4 The network structure of Cage-YOLO

PA was proposed, in which an adaptive method of den-
sity estimation is employed to recognize and enhance
high-density regions in the image.

The ADPA module was inserted after the multi-
scale feature fusion and the second downsampling op-
eration, specifically before the final C3 convolutional
block. This design allowed the network to leverage
feature maps that already contained rich semantic and
spatial information, making it more suitable for per-
forming adaptive density perception. By incorporating
ADPA at this stage, the network could effectively high-
light regions with higher object density through adap-
tive feature enhancement, thereby strengthening the
model's sensitivity to dense, small-scale targets. This
was particularly important for remote sensing scenari-
os where such targets were densely distributed and eas-
ily confused with background information. Further-
more, the enhanced feature maps were subsequently re-
fined by the following convolutional layers and fed in-
to the dedicated small-object detection branch (Predic-
tor 4). This enabled the model to focus more precisely
on dense regions, ultimately improving detection accu-
racy. Additionally, this placement struck a balance be-
tween detection effectiveness and computational effi-
ciency, avoiding unnecessary overhead on high-resolu-
tion early-stage feature maps while maximizing the
contribution of ADPA to small-object detection perfor-
mance.

Firstly, the input feature map X € R** """ pass-
es through convolutional layers to generate a single-

RPVV where B is the

channel density map D e
batch size, C is the number of input channels, and H
and W are the height and width of the input feature
map, respectively. The value at each location D (i,;)
represents the density level of that area, calculated us-
ing the Equation (1):

D) =SS S, Fli+uj+v)+b(1)

x=lu=-rv=-r

Where, i and j are the spatial coordinates of the
density map; F . (i,j) denotes the value at position
de-
notes the weight of the convolutional kernel at channel

(i,j) in channel x of the input feature map; w,,,
x and position (u,v); r represents the half size of the
convolutionals kernel and b represents the bias term.
After obtaining the density map, ADPA identifies
high-density areas within it using the Equation (2):
Index,,, = arg max D(i,j) (2)

Where, Index
mum density point in the density map D.

. denotes the position of the maxi-
A proposal Box is defined around the maximum
response location Index,,, = (i,./m ) 1N the density

map D, where i, and j . denote the row and column

indices (i.e., vertical and horizontal coordinates) of the
highest-density point, respectively.

The proposal box is defined using the top-left co-
ordinate along with the width - height format, which
is commonly employed in object detection tasks. The
side length of the square box, denoted as box_size, is

determined by Equation (3):

box_size = % min (H, W) 3)

which ensures that the proposal adapts to the spa-
tial resolution of the input feature map.
The coordinates of the proposal box are then cal-

culated as Equation (4):
. box_size . box_size
Box = (i — f’jmax - T’
box_size, box_size) 4
ADPA cropped the corresponding region from the
feature map and upsampled it to the same size as the
original map by bilinear interpolation. The dense re-
gion feature map was fused with the original map in
an element-by-element additive fusion to generate an
enhanced feature map. Such fusion enhanced the
dense region response while retaining the global con-
text information to improve small object detection.
The specific process is shown in Fig. 5.
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Fig. 5 The work flow of ADPA
1.5 Enhancement spatial pyramid pool-

ing fast

YOLOvSs adopts the SPPF structure, which,
compared with SPP, accelerates the network's compu-
tation speed by changing the three parallel maximum
pooling layers to a serial mode, effectively avoiding re-
petitive operations. However, the structure performs
poorly in detection accuracy when dealing with small
and dense objects. In order to solve this problem, a
novel spatial pyramid pooling method based on SPPF
was proposed in this study.

First, the feature enhancement block (FEBlock) is
designed, which enables the effective integration of in-
formation from different channels without increasing
the depth of the network. The FEBlock generates adap-
tive weights through convolutional operations for fus-
ing the features from different sensory fields to en-
hance the representation of the features, and the struc-

ture of the block is shown in Fig. 6.

Note: x means element-by-element multiplication.

Fig. 6 The network structure of FEBlock

First, the features are compressed into scalars of
size 1 x 1 in spatial dimension by global average pool-
ing to generate a feature map of shape 1 x 1 x C. Sub-
sequently, one-dimensional convolutions with three
different convolutional kernel sizes were used for pro-
cessing, and the interaction between some of the chan-
nels is realized through a parallel mechanism. This de-
sign not only effectively realizes cross-channel interac-
tion, but also avoids the model complexity problem

that may be caused by the fully connected layer. Next,
the weights of each channel were generated by 2D con-
volutional feature transformation and Sigmoid activa-
tion function, and the corresponding features were
weighted and fused. Traditional convolutional opera-
tions usually synthesize the input feature maps of all
channels, making it difficult to highlight the role of
key feature channels. In contrast, FEBlock can dynam-
ically adjust the distribution of channel weights to
strengthen key features while suppressing redundant
information. When inputting feature maps of different
scales, it can also adaptively adjust the sensing field
size to optimize for the characteristics of small objects
in remote sensing images, thus significantly improving
the performance of object detection.

Next, the FEBlock was introduced based on the
original SPPF module, and the generated adaptive
weights were applied to feature maps at different
scales, thereby resulting in the proposed ESPPF mod-
ule. The ESPPF module first generated feature maps
with different sensory fields by pooling branches at a
fixed scale, and then utilized FEBlock to compress the
channels and embed the spatial information into the
spatial attention map, thus generating new features
containing multi-scale information. By weighted fu-
sion of contextual features, the ESPPF module can ef-
fectively extract contextual information. When input-
ting feature maps of different scales, the model can
adaptively adjust the size of the receiving region to
highlight the region related to the objects. Conse-
quently, compared to the original SPPF module, the
ESPPF module, as shown in Fig. 7, demonstrates
stronger feature representation capabilities and en-
hanced robustness.

SPPF | =

ESPPF | =

b. The network structure of ESPPF

Fig. 7 Comparison between SPPF and ESPPF
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1.6 Mixed attention block

The incorporation of attention mechanisms in
object detection aims to enhance detection accuracy
without compromising inference speed”. Numerous

7 have demonstrated that mixed attention

studies'
mechanisms can significantly improve performance in
remote sensing object detection by enhancing both ac-
curacy and robustness®™. Motivated by these findings,
a lightweight MAB was proposed, whose structural
design is illustrated in Fig. 8c. The MAB integrates
the complementary strengths of coordinate attention
(CA)™ and efficient channel attention (ECA)™. Spe-
cifically, the outputs of CA and ECA were fused via el-
ement-wise multiplication to realize multidimensional
attention feature integration. A residual connection
was subsequently applied to preserve the original in-
put features, thereby enhancing salient feature repre-
sentation and improving the model's overall perceptual
capability.

Avg Pool

Y Avg Pool
Concat+Conv2d

BatchNorm+Non-linear

Output
Output

a. The network structure of CA b. The network structure of ECA

c. The network structure of MAB

Note: x is Element-by-element multiplication; + is residual link.
Fig. 8 Composition of MAB

The CA mechanism captures both channel-wise
dependencies and precise positional information, en-
abling the network to focus on spatially important re-
gions with minimal computational overhead. As illus-
trated in Fig. 8a, CA consists of two key stages: coor-
dinate information embedding and coordinate atten-
tion generation. It first applied global average pooling
along the horizontal and vertical spatial dimensions,
using window sizes of (H,1) and (1,W), respectively,

to produce a pair of direction-aware feature maps.
These were then fused via channel compression, fol-
lowed by nonlinear activation and a Sigmoid function
to generate orientation-sensitive attention maps.

In contrast, the ECA mechanism emphasized effi-
cient modeling of inter-channel relationships and long-
range dependencies with low computational cost, as
shown in Fig.8b. ECA comprises two main steps: glob-
al information aggregation and efficient attention gen-
eration. Initially, global average pooling compressed
the spatial dimensions of the input to produce a com-
pact descriptor for each channel. A one-dimensional
convolution was then applied, with its kernel size
adaptively determined to capture local channel depen-
dencies without introducing the overhead of fully con-
nected layers. The resulting features were passed
through a transpose operation and Sigmoid activation
to generate attention weights, which were used to re-
weight the input feature maps on a per-channel basis,
thereby enhancing discriminative channel responses.

By combining CA and ECA, the proposed MAB
was capable of accurately capturing critical target fea-
tures while reducing inter-target feature interference.
In the proposed network architecture, the MAB mod-
ule was deliberately positioned at the final stage of the
backbone to fully exploit the high-level semantic fea-
tures extracted by the backbone and further refine
these features through multi-scale attention mecha-
nisms. While the deep features at this stage contain
abundant semantic information, they inevitably includ-
ed redundant details and background noise, which may
hinder detection accuracy if directly utilized. By incor-
porating the MAB module at this point, the network
could enhance its focus on potential target regions
through a combination of global and local attention,
thereby suppressing irrelevant information and
strengthening the representation of critical features.
This design effectively mitigates the deficiency of
deep features in capturing fine-grained details, provid-
ing a more discriminative feature foundation for subse-
quent feature fusion and detection stages. Unlike atten-
tion mechanisms introduced at earlier stages, embed-
ding MAB at the end of the backbone was more suit-
able for further optimizing features that already con-
tain high-level semantics, thereby improving the ro-
bustness and accuracy of detection, particularly in re-
mote sensing scenarios characterized by densely dis-
tributed small targets and complex backgrounds.
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2 Results and analysis

2.1 Experimental platform

The hardware environment for this experimental
platform included a CPU processor: Intel(R) Xeon(R)
Platinum 8474C with 15 vCPUs, a GPU processor:
NVIDIA RTX 4090D (24 GB) * 1, and the operating
system was Ubuntu 18.04. The CUDA version was
11.1, and the deep learning framework was Py-
Torch 1.9.

2.2 Network performance evaluation in-
dicators

In this study, precision (P), recall (R), mean aver-
age precision (mAP) and model size are used as evalu-
ation metrics to assess the performance of the object
detection model. P refers to the proportion of correctly
predicted positive instances among all instances pre-
dicted as positive. R refers to the proportion of correct-
ly detected positive instances among all actual positive
instances. They are calculated using the Equation (5)

and Equation (6).
TP
P Fp )
TP
" TP + FN ©)

Where, TP (True Positive) denotes the number of
instances where the model correctly predicts the pres-
ence of an object; FP (False Positive) denotes the num-
ber of instances where the model incorrectly predicts
the presence of an object; and FN (False Negative) de-
notes the number of instances where the model fails to
detect an object that is actually present.

The intersection over union (IoU) is a commonly
used evaluation metric in object detection tasks,
which measures the degree of overlap between the pre-
dicted bounding box 4 and the ground truth bounding
box B. It is defined as the ratio of the intersection area
between 4 and B to the union area of the two, as
shown in the Equation (7).
|4 N B|
|4 U B|

The value of IoU ranges from 0 to 1, where a

IoU =

(7

higher IoU indicates a more accurate prediction. Spe-
cifically, a smaller numerator reflects poor overlap
with the ground truth, while a larger denominator typi-
cally results from an excessively large predicted re-
gion, both leading to a lower IoU score.

Average precision (AP) represents the average de-
tection performance of the model, defined as the area
under the precision-recall curve. It is calculated as
Equation (8).

AP=JLP(R)dR )

The mean average precision (mAP) is the mean
of AP values across all object categories, and it reflects
the overall performance of the model in terms of both
precision and recall. A higher mAP value indicates bet-
ter model performance. It is calculated as Equation (9).

1 n
mAP = ZAPi 9)

Where, n is the number of object categories, and
ie{l,2,---,n}

Specifically, mAP@0.5 denotes the mAP when
the IoU threshold is fixed at 0.5, while mAP@0.5:0.95
represents the average mAP over multiple IoU thresh-
olds ranging from 0.5 to 0.95.

The model size, measured in megabytes (MB), re-
flects the storage requirement of the trained network
and directly affects its applicability in resource-con-
strained environments.

2.3 Experimental results

To validate the effectiveness of the proposed im-
proved algorithm in object detection, a comparative ex-
periment was conducted between the baseline model
YOLOVS and the improved model Cage-YOLO. The
training results are illustrated in Fig.9, depicting the
evolution of P, R, and mAP across training epochs. As
shown in Fig. 9a, YOLOVS exhibits rapid convergence
during the initial 50 epochs, with precision increasing
quickly and stabilizing around epoch 80, ultimately
reaching approximately 86%. In contrast, Cage-YOLO
demonstrates a relatively slower start, with some train-
ing lag observed in the first 60 epochs. However, the
precision improved significantly thereafter, surpassing
YOLOVS after epoch 100 and stabilizing at around
94%. This indicated that although Cage-YOLO con-
verges more slowly initially, it possessed a stronger
learning capacity and could achieve superior accuracy
given sufficient training, demonstrating improved posi-
tive sample recognition and enhanced false positive
suppression capabilities. In Fig. 9b, it was observed
that the recall of YOLOVS gradually increased and sta-
bilized at approximately 68%. Cage-YOLO, despite a
slower improvement in the early stages, rapidly sur-
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passes YOLOVS around epoch 70 and ultimately reach-
es a recall of about 92%. This significant improvement
in recall highlights Cage-YOLO's advantage in reduc-
ing missed detections, making it highly effective for
applications where comprehensive object coverage is
critical. Fig. 9c presents the mAP results, where YO-
LOvVS5 stabilizes at approximately 75%. In contrast,
Cage-YOLO quickly surpasses this benchmark after
epoch 100 and ultimately achieves an mAP of about
95%, representing a 17.4% improvement over YO-
LOvS. As mAP was a comprehensive metric reflecting
the model's performance across varying loU thresh-
olds, this result clearly demonstrated the superior accu-

racy and robustness of the proposed method. Overall,
the comparative results clearly indicate that Cage-YO-
LO exhibits superior convergence properties relative
to the baseline YOLOvVS. Despite a slower improve-
ment during the initial training stages, the model even-
tually converges to substantially higher P, R, and mAP
values. This behavior reflected a more stable optimiza-
tion trajectory, reduced susceptibility to local minima,
and enhanced learning capacity in complex detection
scenarios. The ability of Cage-YOLO to consistently
achieved a higher-performance equilibrium across
multiple evaluation metrics provides strong empirical
evidence of its improved convergence characteristics.

1.0 1.0 1.0

0.8 0.8 0.8r

0.6 0.6 = 0.6r

x L

0.4 0.4 E 0.4

02+ —— YOLOvV5 0.2k —— YOLOVS 0.2+ —— YOLOVS
—— Cage-YOLO —— Cage-YOLO —— Cage-YOLO

0.0r ; | | | 0.0r; L L | 0.0F; | L |
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a. Precision curves

b. Recall curves

c. mAP curves

Fig. 9 Model training results of Cage-YOLO

To further assess detection performance under
complex visual conditions, qualitative comparisons
were conducted by inputting test images into both YO-
LOvS5s and Cage-YOLO. Representative detection re-
sults are shown in Fig. 10. It can be seen that YOLOVS
exhibits noticeable missed detections and false posi-
tives in scenes with dense object distribution, blurred
boundaries, or occlusions-conditions typical of closely
spaced aquaculture net cages. Its detection perfor-
mance significantly degraded under these challenging
Cage-YOLO demonstrated
more robust and consistent object recognition perfor-

scenarios. In contrast,
mance. It effectively detected multiple aquaculture net
cages in densely populated regions and maintained
high detection accuracy even under conditions involv-
ing substantial scale variation and partial occlusion.
Notably, Cage-YOLO showed strong capabilities in
object separation and boundary localization, signifi-
cantly reducing both false negatives and false posi-
tives. These results indicated that Cage-YOLO not on-
ly outperformed YOLOvVSs across all evaluation met-
rics but also exhibited superior adaptability and robust-
ness in complex environmental conditions, confirming
its practical value for detecting densely distributed

aquaculture structures in remote sensing imagery.

To further assess the robustness and limitations of
the approach, several representative failure cases were
analyzed to determine the common sources of error, il-
lustrated in Fig. 11. These examples illustrated the
types of visual challenges that our model currently
struggles to overcome. In Fig. 11a, the failure appears
to be primarily caused by background clutter. The visu-
al scene contained complex textures and objects with
appearance characteristics similar to the target, which
introduced ambiguity and distracted the model during
feature extraction. As a result, the model misidentified
background regions as part of the target, leading to in-
accurate localization. Fig. 11b illustrates a case of
heavy occlusion. A large portion of the target object
was obstructed by other elements in the scene, leaving
only partial visual cues for the model to rely on. Since
our method does not explicitly incorporate mecha-
nisms to reason about occluded or invisible parts, the
incomplete representation resulted in failure to correct-
ly detect or segment the target. In Fig. 11c, the issue
lies not with the model itself but rather with the
ground truth annotation. Upon inspection, the labeling
was either ambiguous or inconsistent with the visual
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net cage 0.25

gt cgqe 0.45 0 41

‘?5 0.56
net <08k G99g O-
et 35 B O
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Fig. 10 Comparison of detection results in the detection of aquaculture net cages

content possibly due to human error or subjective inter- ble. These cases underscored the importance of ad-
pretation of object boundaries. This led to a discrepan- dressing real-world visual complexity including back-
cy between the model's prediction and the provided la- ground distractors and partial occlusion, as well as en-
bel, which was technically counted as a failure, even suring high-quality, consistent annotations. Future

though the model's output may be semantically plausi- work could explore integrating occlusion-aware mod-
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ules, enhancing the model's ability to disambiguate vi-
sually similar contexts, and applying automated tools

-
PECOgE DS -

a. Background clutter

b. Heavy occlusion

to detect and correct annotation errors.

c. Annotation issue

Fig. 11 Examples of Cage-YOLO detection failures in the detection of aquaculture net cages

To further interpret the models' decision-making
processes and identify their regions of interest during
detection, the Gradient-weighted class activation map-
ping (Grad-CAM) technique was employed. Grad-
CAM visualizations were generated by backpropagat-
ing the class-specific confidence gradients to the final
convolutional feature maps, thereby highlighting the
spatial regions contributing most to the model's pre-
dictions. In the resulting heatmaps, regions of high
model attention are shown in dark red, while less sig-
nificant regions are marked in dark blue. As depicted
in Fig. 12, Cage-YOLO focuses more accurately and
intensively on the aquaculture net cage objects and
their surrounding areas, whereas YOLOvVSs exhibits
substantial attention drift, often responding to back-
ground noise or non-target regions. This discrepancy
was especially evident in scenarios involving dense ob-
ject distribution or blurred/occluded object boundaries.
Cage-YOLO's attention maps align more precisely
with object boundaries, aiding in accurate bounding
box regression. These visualization results validated
the effectiveness of the improved feature extraction
and spatial attention mechanisms integrated into Cage-
YOLO, which enhanced the model's capability to dis-
tinguish critical regions and improved detection perfor-
mance under complex background conditions. In par-
ticular, Cage-YOLO exhibited superior discriminatory
power when object details were subtle or submerged
in background noise, providing a strong foundation for
precise detection of aquaculture net cages in high-reso-
lution remote sensing imagery.

2.4 Comparison with other models

To comprehensively evaluate the effectiveness of
the proposed Cage-YOLO model, comparative experi-
ments were conducted against several state-of-the-art
object detection algorithms on the same high-resolu-
tion marine net cage dataset. The selected baseline
methods include YOLOvS, YOLOv6s, YOLOvV7, YO-
LOv8s, YOLOvV9s, YOLOv10s, YOLOvl1ls, and Fast-
er R-CNN, DERT. The performance metrics for com-
parison are summarized in Table 1.

The results demonstrated that, although Cage-YO-
LO introduced a slight increase in the number of pa-
rameters, it achieved substantial improvements in both
mAP@0.5 and mAP@0.5:0.95, outperforming the
compared models across these key metrics. This indi-
cated the enhanced capability of Cage-YOLO in accu-
rately detecting small and densely distributed objects
within complex backgrounds.

Moreover, despite the improvements in detection
accuracy, Cage-YOLO maintained a compact model
size of only 16.9 MB. This lightweight design made it
particularly well-suited for deployment in real-world
marine aquaculture monitoring scenarios, where com-
putational resources may be limited. The balance be-
tween high accuracy and model efficiency highlights
the practical applicability of Cage-YOLO in remote
sensing-based detection tasks.

2.5 Ablation experiments

Verifying the practical role of each module pro-
posed in this study in enhancing the model perfor-
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a. Original images b. YOLOVS c. Cage-YOLO

Fig. 12 Comparison of heat maps in the detection of aquaculture net cages

Table 1 Results of comparison with other methods in the detec-

tion of aquaculture net cages

Method  P/% R/% mAP@0.5/% mAP@0.5:0.95/% Sli\gz/dl\;lB
YOLOVS 899 715 778 415 14.4
YOLOv6s 848 687 715 353 38.1
YOLOv? 908 813  87.9 474 72.0
YOLOVS8s 915 777 847 47.6 225
YOLOv9s 848 737 717 41.0 26.7
YOLOvIOs 88.6 778  82.7 45.9 28.8
YOLOvlls 90.0 78.1  84.4 48.2 37.6
YOLOvI2s 877 794 832 472 19.1
Faster R-CNN 69.3 77.0  69.3 35.5 108.0
DERT 893 77.1 832 453 158.0
Cage-YOLO 955 933 952 54.9 16.9

mance, ablation experiments were designed and con-
ducted based on YOLOVS as the baseline model. A to-
tal of 8 sets of model combinations were constructed
for the experiments, introducing the ADPA, ESPPF

and MAB, respectively, including various configura-
tions of single module and multi-module combina-
tions. The experimental results are shown in Table 2.
From the experimental results, it can be seen that
all three modules bring different degrees of improve-

Table 2 Results of the ablation studies in the detection of aquaculture

net cages

Baseline ADPA ESPPF MAB P/% R/% mAP@0.5/% mAP@0.5:0.95/%

N — — — 899 715 778 415
N v — — 906 839 871 48.2
N — ¥4 — 953 82 9209 54.9
N —  — 4V 896 728 782 40.6
N v — 4V 944 905 932 54.6
N - v 959 887 919 54.1
v N v — 939 853 90.7 51.0
v N N v 955 933 95.2 54.9

"

Note: "+ " means the corresponding module included in the model; and " —
means excluded.
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ment to the detection performance when they are intro-
duced individually. Compared with the baseline mod-
el, the introduction of ADPA alone improved the P to
90.6%, R significantly to 83.9%, and mAP@0.5 and
mAP@0.5:0.95 to 87.1% and 48.2%, respectively,
which indicated that the module was effective in im-
proving the model's ability to perceive high-densi-
ty small object regions; the introduction of the
ESPPF module improved P, R, mAP@0.5 and
mAP@0.5:0.95 to 95.3%, 88.2%, 92.9% and 54.9%,
respectively, showing excellent feature expression and
background suppression ability; while the MAB mod-
ule achieved a small increase in recall rate from
71.5% to 72.8%, indicating that it had a positive ef-
fect in strengthening the allocation of attention to the
key areas.

The multi-module combination experiments fur-
ther validated the synergistic effects among the differ-
ent modules. Among them, the combination of ADPA
and MAB performed particularly well in terms of re-
call and mAP@0.5, achieving 90.5% and 93.2%, re-
spectively. The combination of ESPPF and MAB
showed the best performance in precision, reaching
95.9%, indicating that this pairing was more advanta-
geous in improving detection accuracy. The combina-
tion of ADPA and ESPPF also outperformed the base-
line model across all metrics, especially in mAP@0.5,
where it achieved 90.7%. Ultimately, the Cage-YOLO
model, which integrated all modules, achieved the

best overall performance in recall, mAP@0.5, and
mAP@0.5:0.95, with scores of 93.3%, 95.2%, and
54.9%, respectively. Although its precision was
95.5%, slightly lower than that of the ESPPF and
MAB combination, it demonstrated a more balanced
performance overall, showcasing the strongest compre-
hensive detection capability.

In addition to the overall ablation analysis, com-
parative experiments were further conducted on circu-
lar and rectangular cages to evaluate the effects of the
proposed modules on targets with different shapes and
densities, as shown in Table 3. The experimental re-
sults indicated that each module contributes differently
depending on the spatial characteristics of the targets.
For circular aquaculture net cages, which were smaller
and more densely distributed, the introduction of the
ADPA module brought a notable improvement in de-
tection accuracy, with mAP@0.5 increasing from
76.4% to 83.1%, demonstrating the model's strong
ability to enhance feature perception in high-density
small-object regions. The ESPPF module further im-
proved multi-scale feature aggregation, achieving
mAP@0.5 values of 92.2% and 96.3% for circular and
rectangular aquaculture net cages, respectively, indicat-
ing its effectiveness in extracting key spatial informa-
tion and suppressing background interference. The
MAB module provided moderate gains, particularly
improving recall for both cage types, showing its posi-
tive contribution to enhancing contextual awareness.

Table 3 Results of the ablation studies on different net-cages shapes in the detection of aquaculture net cages

Baseline ADPA ESPPF MAB circle mAP@0.5/% rectangular mAP@0.5/% circle mAP@0.5:0.95/% rectangular mAP@0.5:0.95/%
N — — — 76.4 95.4 40.8 532
N N — — 83.1 96.2 45.1 54.0
N — N — 92.2 96.3 55.0 52.6
N — — N 77.2 95.4 40.6 522
N N — N 90.7 953 515 53.6
N — N N 90.8 96.4 548 52.1
N N N — 90.6 93.7 534 50.2
N N N N 93.1 95.5 55.0 53.4
Note: "V" means the corresponding module included in the model; and "—" means excluded.

In the combined module experiments, synergistic
effects among ADPA, ESPPF, and MAB became evi-
dent. The combination of ADPA and MAB performed
well for dense circular aquaculture net cages, improv-
ing mAP@0.5 to 95.3%, while the ESPPF and MAB
combination maintains high accuracy for larger rectan-

gular aquaculture net cages, achieving 96.4%. When
all three modules were integrated, the model achieved
the best overall performance, with mAP@0.5 reaching
93.1% and 95.5% for circular and rectangular aquacul-
ture net cages, respectively. These findings highlight
that the proposed modules achieved a balanced im-
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provement, strengthening small-object detection while and the proposed MAB—were evaluated by embed-

preserving high accuracy for larger, sparsely distribut- ding each into the common YOLOvV5+ESPPF+ADPA

ed targets. backbone, and P, R, mAP@0.5, and mAP@0.5: 0.95
Four attention mechanisms—CA, ECA, CBAM, were reported. The results are summarized in Table 4.

Table 4 Comparison of different attention mechanisms in the ablation study of aquaculture net cages

YOLOvS5+ESPPF+ADPA CA ECA CBAM  MAB PI% RI% mAP@0.5/%  mAP@0.5:0.95/%
N N — — — 96.1 88.0 91.5 53.0
N — N — — 96.4 88.6 92.0 53.9
N — — N — 95.5 89.6 92.4 54.0
N — — — N 95.5 933 952 549
Note: "V" means the corresponding module included in the model; and "—" means excluded.

CA attained a precision of 96.1%, but its recall re- 2.6 Baseline model analysis
mains at 88.0%, leading to an mAP@0.5: 0.95 of
53.0%. ECA further pushes the precision to 96.4%, the
highest among all contenders, yet recall only slightly
increases to 88.6%, and the resulting mAP@0.5:0.95
reached 53.9%, indicating that the model still fails to
retrieve a non-negligible portion of hard samples.
CBAM exhibited a more favorable trade-off, achiev-

To determine a suitable baseline for the proposed
optimization, the designed modules were integrated in-
to a series of recent lightweight detection frameworks,
YOLOv8s, YOLOv10s, YOLOv1ls, and YOLOv12s,
and their performance was evaluated on the Aquacul-
ture Net Cage dataset. The results are summarized in
Table 5, the introduction of the optimization module

ing 95.5% precision and 89.6% recall, which raised into YOLOV8~YOLOv12 did not yield performance
mAP@0.5:0.95 to 54.0%. In contrast, MAB secured

the highest recall at 93.3%, which was a 3.7 percent-

improvements; instead, in most cases the detection ac-

curacy and recall even deteriorated. This observation

age points absolute gain over CBAM, the second-best highlighted that the effectiveness of the optimization

method in terms of recall. Its precision reached 95.5%, was closely tied to the backbone characteristics of the
slightly below that of CA and ECA, but the improved baseline model.

balance between precision and recall translated into Table 5 Performance comparison of baseline models on the

the best overall detection quality: mAP@0.5 reached
95.2% and mAP@0.5: 0.95 reached 54.9%, both the

Cage dataset in the detection of aquaculture net cages

. . Method P/%  R/% mAP@O0.5/% mAP@0.5:0.95/%

highest among all tested mechanisms. These results
} ) ; ] Cage-YOLO 955 933 95.2 54.9

suggested that the hybrid design of MAB—integrating
. . . Cage-YOLOv8s  87.8  78.5 82.7 46.7

complementary spatial and channel cues inspired by
e . Cage-YOLOv10s 87.8 774 81.1 46.5

CA and ECA-enhances the model's sensitivity to diffi- £ v

. . . . -YOLOv11 , . , 47.
cult or less salient targets without substantially sacri- Cage-YOLOvIIs 89.5 779 839 70
Cage-YOLOvI2s 879 723 78.9 43.8

ficing precision. Taken together, while MAB did not

dominate every isolated metric, its markedly higher re- To more clearly reveal the differences, the feature

maps at the SPPF layer of YOLOvVS5 and YOLOv11
were compared, as shown in Fig.13. The backbone of

more robust overall improvement in detection perfor- YOLOvI1 employed the C3K2 module, which signifi-
mance.

call and the resulting gained in the more comprehen-
sive mAP@0.5:0.95 metrics indicate that it offerred a

cantly enlarged the receptive field. While such an ar-
In summary, ADPA, ESPPF, and MAB each chitectural design enhanced the model's ability to cap-

played a critical role in small and dense objects detec- ture large-scale objects and global semantic informa-
tion. Their combined usage significantly improved de- tion, it came at the expense of spatial resolution in
tection P, R, and overall model robustness, fully vali- deeper feature maps. For dense small objects, such as
dating the effectiveness and practical value of each aquaculture net cages, this enlarged receptive field

module's design. tends to dilute or suppress fine-grained local details.
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Consequently, in the final stage of the backbone, much
of the discriminative information relevant to small tar-
gets had already been weakened or lost. Under these
circumstances, subsequent optimization modules, such
as the ESPPF and ADPA, can not effectively recover
or strengthen the missing features. In contrast, YO-
LOVS5 preserved a greater degree of local detail within

its high-level features, as evidenced by the clearer re-
sponses to cage structures in the SPPF layer. This re-
tention of fine-grained information provided a favor-
able foundation for the optimization module to further
emphasize the relevant features, thereby improving de-
tection performance in complex marine backgrounds.

a. Original images

b. YOLOvVS5

¢. YOLOvlls

Fig. 13 Comparison of backbone output heatmaps

Therefore, although YOLOvI1 and its successors
demonstrated strong performance on general detec-
tion benchmarks due to their larger receptive fields
and enhanced global representation capacity, they
were less suited for tasks dominated by dense small
objects. In this context, YOLOvVS5 proved to be a
more appropriate baseline model, as it maintained the
essential feature representations of marine cages and
allowed the proposed optimization module to fully ex-
ploit its potential.

3 Discussion

The Cage-YOLO model proposed in this study
demonstrates significant advantages in the detection of
dense small objects in aquaculture net cages in com-
plex remote sensing contexts. First, the ADPA can ef-
fectively extract key features reflecting the high-densi-
ty distribution of small objects; second, the enhance-
ment module based on spatial pyramid pooling
strengthens the ability to extract global contextual in-
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formation while suppressing the interference of back-
ground noise; and lastly, the introduction of the MAB
further strengthens the model's ability of focusing on
dense small objects. Relative to the base model YO-
LOvVS5, Cage-YOLO exhibited substantial performance
gains, demonstrating increases of 5.6 percentage
points in precision, 21.8 percentage points in recall,
17.4 percentage points in mAP@0.5, and 13.4 percent-
age points in mAP@0.5:0.95. While achieving the per-
formance improvement, the model size was kept at
16.9 MB, which has good deployment potential. The
effectiveness of the proposed optimization method
was highly dependent on the backbone characteristics
of the baseline model. In the newer YOLO detection
frameworks, architectural modifications significantly
enlarge the receptive field, which enhances the model-
ing of large-scale objects and global semantic informa-
tion but simultaneously weakens the fine-grained fea-
ture representations of small targets, making it difficult
for subsequent optimization modules to compensate
for the missing information. In contrast, YOLOVS pre-
served a greater amount of local detail in its high-level
features, providing a solid foundation for the optimiza-
tion modules to operate effectively.

Despite the good performance of the model, there
were still some influencing factors that need to be fur-
ther investigated. First, the resolution and quality of
the input remote sensing image directly determined
the model's ability to recognize small objects. Image
noise or low resolution may mask key details and re-
duce the detection effect. Second, the density and spa-
tial distribution of the aquaculture net cages posed a
challenge to the detection model, and the traditional
model was prone to miss detection or misdetection
when facing small object spacing and high overlap, al-
though ADPA can effectively alleviate this problem, it
still has certain limitations in extreme high-density sce-
narios. Third, the diversity of training data directly af-
fected the generalization ability of the model, and
there were significant differences in the appearance of
aquaculture net cages under different sea areas, sea-
sons, and lighting conditions, which required the mod-
el to have strong robustness. In addition, the balance
between model complexity and computational efficien-
cy was also a key consideration in the design, especial-
ly in resource-constrained deployment environments.

Future research may extend Cage-YOLO along
several promising directions to enhance its perfor-

mance, adaptability, and application potential in aqua-
culture net cage detection under complex marine envi-
ronments.

1) Future improvements could focus on expand-
ing data diversity and integrating multimodal informa-
tion to enhance model robustness and generalization.
Datasets could include images from diverse regions,
seasons, and observation platforms to capture varia-
tions in illumination, water transparency, and tidal con-
ditions. Additionally, incorporating multispectral and
synthetic aperture radar (SAR) data can provide com-
plementary spatial and spectral cues, thereby improv-
ing detection performance under cloud cover or glare.
These heterogeneous data sources can be fused using
transformer-based cross-modal modules or attention
mechanisms, which dynamically weight features from
different modalities. Furthermore, synthetic data gener-
ated via GAN-based augmentation or domain random-
ization can simulate adverse conditions such as fog or
sun glint, strengthening the model's adaptability to di-
verse marine environments.

2) Environmental interference remains a key limi-
tation for marine-scene applications. To mitigate this,
auxiliary environmental variables, such as wind speed,
precipitation, cloud fraction, and tidal level, can be ex-
plicitly integrated into the model as additional input
channels. The introduction of a spatiotemporal fusion
module is expected to enable dynamic feature adjust-
ment in response to these changing conditions, thereby
strengthening detection stability in complex marine en-
vironments.

3) To achieve real-time detection on edge devic-
es, UAVs, and onboard monitoring systems, future
work could focus on optimizing model architecture to
reduce computational complexity while maintaining
accuracy. This can be achieved through network prun-
ing to remove redundant layers and channels, quantiza-
tion to lower the precision of model parameters, and
knowledge distillation to transfer discriminative repre-
sentations from a large teacher network to a compact
student model. Additionally, lightweight backbone net-
works and efficient feature extraction blocks can be in-
corporated to balance performance and resource con-
straints, enabling faster inference and lower power
consumption in practical deployment scenarios.

4) Building an intelligent aquaculture manage-
ment system based on Cage-YOLO could integrate au-
tomated detection, monitoring, and early-warning ca-
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pabilities. Such a system may support marine resource
management and be validated through pilot applica-
tions in collaboration with fisheries authorities.

4 Conclusions

In this study, Cage-YOLO, a high-precision detec-
tion model specifically designed for marine net-cage
aquaculture, was introduced. The model introduces
several key innovations: 1) the ADPA module, which
adaptively focuses on dense regions of aquaculture
cages to enhance feature representation; 2) an opti-
mized SPPF structure that strengthens key spatial
features and improves information aggregation; and
3) the MAB module to enhance the model's overall
perceptual capability across complex marine back-
grounds.

Experimental results demonstrated that Cage-YO-
LO achieves significant improvements over YOLOVS,
with increases of 5.6, 21.8, 17.4, and 13.4 percentage
points in P, R, mAP@0.5, and mAP@0.5:0.95, respec-
tively. Compared with other classical detection mod-
els, Cage-YOLO also achieves competitive results in
both accuracy and model efficiency.

The results indicate that Cage-YOLO provides a
reliable technical foundation for automated marine net-
cage detection. The improved detection accuracy and
robustness enable more precise identification and lo-
calization of net cages in high-resolution remote sens-
ing imagery, supporting consistent monitoring of aqua-
culture scale and spatial configuration. Furthermore,
the model's ability to capture temporal variations in
cage distribution demonstrates its potential to aid in
early detection of deformation, displacement, or loss,
thereby facilitating timely maintenance and risk miti-
gation.

Future work will extend Cage-YOLO to multi-
temporal and multimodal datasets to build a more
adaptive and intelligent monitoring framework for
large-scale aquaculture under dynamic marine environ-
ments.

Conflict of interest statement: All authors declare no

competing interests.

References:

[1] DRACH A, TSUKROV I, DECEW I, et al. Engineering proce-
dures for design and analysis of submersible fish cages with cop-
per netting for exposed marine environment[J]. Aquacultural En-
gineering, 2016, 70: 1-14.

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

WEN L, CHENG Y, FANG Y, et al. A comprehensive survey of
oriented object detection in remote sensing images[J]. Expert Sys-
tems with Applications, 2023, 224: 119960.

CHANDRA M A, BEDI S S. Survey on SVM and their applica-
tion in imageclassification[J]. International Journal of Informa-
tion Technology, 2021, 13(5): 1-11.

GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature hi-
erarchies for accurate object detection and semantic segmentation
[C]// 2014 IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway, New Jersey, USA: IEEE, 2014:
580-587.

GIRSHICK R. Fast R-CNNJ[C]// 2015 IEEE International Confer-
ence on Computer Vision (ICCV). Piscataway, New Jersey, USA:
IEEE, 2015: 1440-1448.

REN S Q, HE K M, GIRSHICK R, et al. Faster R-CNN: Towards
real-time object detection with region proposal networks[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2017,
39(6): 1137-1149.

LIU W, ANGUELOV D, ERHAN D, et al. SSD: Single shot Mul-
tiBox detector[C]// Computer Vision-ECCV 2016. Cham, Germa-
ny: Springer, 2016: 21-37.

REDMON 1J, DIVVALA S, GIRSHICK R, et al. You only look
once: Unified, real-time object detection[C]// 2016 IEEE Confer-
ence on Computer Vision and Pattern Recognition (CVPR). Pisca-
taway, New Jersey, USA: IEEE, 2016: 779-788.

REDMON J, FARHADI A. YOLO9000: Better, faster, stronger
[C]/ 2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Piscataway, New Jersey, USA: IEEE, 2017:
6517-6525.

REDMON J, FARHADI A. YOLOV3: An incremental improve-
ment[EB/OL]. arXiv: 1804.02767, 2018.

BOCHKOVSKIY A, WANG CY, LIAO H M. YOLOv4: Optimal
speed and accuracy of object detection[EB/OL]. arXiv:
2004.10934, 2020.

GE Z, LIU S T, WANG F, et al. YOLOX: Exceeding YOLO se-
ries in 2021[EB/OL]. arXiv: 2107.08430, 2021.

MIAO L Z, LI N, ZHOU M L, et al. CBAM-Yolov5: Improved
Yolov5 based on attention model for infrared ship detection[C]/
International Conference on Computer Graphics, Artificial Intelli-
gence, and Data Processing (ICCAID 2021). Burlingame, Califor-
nia, USA: SPIE, 2022: 33.

WANG M, YANG W Z, WANG L J, et al. FE-YOLOVS5: Feature
enhancement network based on YOLOVS5 for small object detec-
tion[J]. Journal of Visual Communication and Image Representa-
tion, 2023, 90: 103752.

KIM M, JEONG J, KIM S. ECAP-YOLO: Efficient channel at-
tention pyramid YOLO for small object detection in aerial image
[J]. Remote Sensing, 2021, 13(23): 4851.

LUO X D, WU Y Q, WANG F Y. Target detection method of
UAV aerial imagery based on improved YOLOvV5[J]. Remote
Sensing, 2022, 14(19): 5063.

SZEGEDY C, LIU W, JIAY Q, et al. Going deeper with convolu-
tions[C]// 2015 IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR). Piscataway, New Jersey, USA: IEEE,
2015: 1-9.

TIAN Z, SHEN C H, CHEN H, et al. FCOS: Fully convolutional
one-stage object detection[C]// 2019 IEEE/CVF International
Conference on Computer Vision (ICCV). Piscataway, New Jer-
sey, USA: IEEE, 2020: 9626-9635.

KONG T, SUN F C, LIU H P, et al. FoveaBox: Beyound anchor-
based object detection[J]. IEEE Transactions on Image Process-
ing, 2020, 29: 7389-7398.

LAW H, DENG J. CornerNet: Detecting objects as paired key-
points[C]// Computer Vision-ECCV 2018. Cham, Germany:
Springer, 2018: 765-781.

LU X, LIBY, YUE Y X, et al. Grid R-CNN[C]// 2019 IEEE/
CVF Conference on Computer Vision and Pattern Recognition
(CVPR). Piscataway, New Jersey, USA: IEEE, 2020: 7355-7364.
YANG Z, LIU S H, HU H, et al. RepPoints: Point set representa-
tion for object detection[C]// 2019 IEEE/CVF International Con-



Vol. 8, No. 2 TR CAGE-YOLO : 338 [EGE (R A K 7™ F7 58 A e 4 B2 /DN F ARG A Y 117
ference on Computer Vision (ICCV). Piscataway, New Jersey, IEEE, 2020: 118-126.

USA: IEEE, 2020: 9656-9665. [32] HE K M, ZHANG X Y, REN S Q, et al. Spatial pyramid pooling

[23] CARION N, MASSA F, SYNNAEVE G, et al. End-to-end object in deep convolutional networks for visual recognition[C]// Com-
detection with transformers[C]// Computer Vision-ECCV 2020. puter Vision - ECCV 2014. Cham, Germany: Springer, 2014:
Cham, Germany: Springer, 2020: 213-229. 346-361.

[24] ZHU X Z, SU W J, LU L W, et al. Deformable DETR: Deform- [33] LIU S, QI L, QIN H F, et al. Path aggregation network for in-
able transformers for end-to-end object detection[EB/OL]. arXiv: stance segmentation[C]// 2018 IEEE/CVF Conference on Com-
2010.04159, 2020. puter Vision and Pattern Recognition. Piscataway, New Jersey,

[25] SUN P Z, ZHANG R F, JIANG Y, et al. Sparse R-CNN: End-to- USA: IEEE, 2018: 8759-8768.
end object detection with learnable proposals[C]// 2021 IEEE/ [34] LIN TY, DOLLAR P, GIRSHICK R, et al. Feature pyramid net-
CVF Conference on Computer Vision and Pattern Recognition works for object detection[C]// 2017 IEEE Conference on Com-
(CVPR). Piscataway, New Jersey, USA: IEEE, 2021: 14449- puter Vision and Pattern Recognition (CVPR). Piscataway, New
14458. Jersey, USA: IEEE, 2017: 936-944.

[26] BAIY C, ZHANG Y Q, DING M L, et al. SOD-MTGAN: Small [35] ZHENG Z H, WANG P, LIU W, et al. Distance-IoU loss: Faster
object detection via multi-task generative adversarial network and better learning for bounding box regression[J]. Proceedings
[C)// Computer Vision-ECCV 2018. New York, USA: ACM, of the AAAI Conference on Artificial Intelligence, 2020, 34(7):
2018: 210-226. 12993-13000.

[27] BAIY C, ZHANG Y Q, DING M L, et al. Finding tiny faces in [36] LIU K, HUANG J, LI X L. Eagle-eye-inspired attention for ob-
the wild with generative adversarial network[C]// 2018 IEEE/ ject detection in remote sensing[J]. Remote Sensing, 2022, 14(7):
CVF Conference on Computer Vision and Pattern Recognition. 1743.

Piscataway, New Jersey, USA: IEEE, 2018: 21-30. [37] FANG Q Y, WANG Z K. Cross-modality attentive feature fusion

[28] LIJN, LIANG X D, WEI'Y C, et al. Perceptual generative adver- for object detection in multispectral remote sensing imagery[J].
sarial networks for small object detection[C]// 2017 IEEE Confer- Pattern Recognition, 2022, 130: 108786.
ence on Computer Vision and Pattern Recognition (CVPR). Pisca- [38] WANG Z M, WANG J S, YANG K, et al. Semantic segmentation
taway, New Jersey, USA: IEEE, 2017: 1951-1959. of high-resolution remote sensing images based on a class feature

[29] LICL, YANG T, ZHU S J, et al. Density map guided object de- attention mechanism fused with Deeplabv3+ [J]. Computers &
tection in aerial images[C]/ 2020 IEEE/CVF Conference on Geosciences, 2022, 158: 104969.

Computer Vision and Pattern Recognition Workshops (CVPRW). [39] HOU Q B, ZHOU D Q, FENG J S. Coordinate attention for effi-
Piscataway, New Jersey, USA: IEEE, 2020: 737-746. cient mobile network design[C]// 2021 IEEE/CVF Conference on

[30] HUANG S Q, LIU Q. Addressing scale imbalance for small ob- Computer Vision and Pattern Recognition (CVPR). Piscataway,
ject detection with dense detector[J]. Neurocomputing, 2022, New Jersey, USA: IEEE, 2021: 13708-13717.

473: 68-78. [40] WANG Q L, WU B G, ZHU P F, et al. ECA-net: Efficient chan-

[31] ZHANG X D, IZQUIERDO E, CHANDRAMOULI K. Dense nel attention for deep convolutional neural networks[C]// 2020

and small object detection in UAV vision based on cascade net-
work[C]// 2019 IEEE/CVF International Conference on Comput-
er Vision Workshop (ICCVW). Piscataway, New Jersey, USA:

IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion (CVPR). Piscataway, New Jersey, USA: IEEE, 2020: 11531-
11539.

CAGE-YOLO: £ Ti&BEGHIK=5RE
WS = B/ B EE

KX, T3, K

',

B, KX

"

(1. B RE BB, [ 201306, F1E ; 2. AR Rk = 54 drFbe , i 201306, R E)

i E: [BR/EX] FXE 05T w4 /N K A F ARG R R R, ASBF SR AL R RS S i

TEEAE XA A | DUPR TR SE PR A A B i R UBRE BE S etk [A3R] STk FIROCHRI . gk,
BF, SR M AR A E AR L A SRR T K IR B X S A B R R AR, M T K A
AR 1T T YOLOVS Y Cage-YOLO VRE £ AR, FF% 4/ N HFSMAEN HshitUll. &5, 5IAA
T8 N AR, A BRI A S /N AR 2 AR A AR AE R RRIE L s LUK, A I A P 7S ] 4 R T
AT, A ROE/0 T SRR TR & R AR IREE ) R, IMARG IR A, SR AR % 4
NEFRREARE S . [ERFTHE] SRR KW, Cage-YOLO NS . 13 0] 5 K SRR B 7 1 23 B B LR YO-
LOVS 2T T 5.6, 21.8 Rl 174 H 4y i HEAMARURRE I 16.9 MB, JEEMMYERE S RIFMEEL S, [HFig] &
W A/ N BRI SR B T — R 0 1k, JF i Ee AR SR 00 1Y Be Ak A PR AL T S B RR s
KRR K TEIRGH N s /N BRI S N B AR BN R AP s W) 4 T AL VR G R
EEWB: EEREHELSWLITRIE (2024YFD2400404) ; ER H AR 4S (62102243, 42376194); [iHiRIZ%E
Bl (21YF1417000)

EE® ok sc, M, IR, HRA A E R, E-mail: wbzhang@shou.edu.cn

TEEEE U B, WL, B, BRI ARk . B-mail: qihe@shou.edu.cn



