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Abstract

Object detection poses significant challenges for small
marine debris due to complex beach environments. The
main difficulties are homogeneous and low-contrast back-
grounds, color similarities between targets and surround-
ings, and small objects which are often occluded. To ad-
dress these challenges, this paper proposes a Small Ob-
ject Enhanced Architecture (SEA) to the RT-DETR hybrid
encoder to improve small object detection performance in
beach environments. The enhanced encoder integrates an
SPDConv layer into the P2 feature layer to capture spatial
information and introduces a CSPOmniKernel module after
feature concatenation to build up multi-scale feature rep-
resentation. Through ablation study and comparison with
different models on three distinct datasets focused on ma-
rine debris, our RT-DETR-SEA showed a 13.51% increase
in mAP@50 compared to the baseline RT-DETR-r18 model
and a 9.34% increase in mAP@50 against directly adding a
P2 layer. Furthermore, RT-DETR-SEA achieved a similar
frames per second (FPS) rate with the baseline model. The
source codes are available on GitHub.

Keywords: RT-DETR-SEA, CSPOmniKernel, small object
detection, multi-scale feature representation.

1. Introduction
Object detection is an important task in computer vi-

sion which carries out practical applications, such as envi-
ronmental monitoring, autonomous systems, and resource
management [1, 2]. One specific branch is the detection of
small marine debris which can address environmental chal-
lenges [3, 4], as marine debris causes severe threats to ma-
rine life, including involuntary ingestion and entanglement
[5]. For example, effective detection can be used to ana-
lyze pollution trends and help different cleanup activities
[6, 7]. However, current object detection algorithms lack
accuracy while working in beach settings, which is mainly
due to the complex settings of locating small objects against
both low-contrast and homogeneous backgrounds [8] and
polluted therefore crowded ones.

Although models are improved in certain aspects due to

the development of algorithms like YOLO (You Only Look
Once) [9] and DETR (Detection Transformer) [10], detec-
tion performance has remained challenging for special fea-
tures related to beach environments [11, 12]. Beach areas
tend to have complex backgrounds, such as large swaths
of sand which lack high texture/contrast, or the sunlight on
sand and water which may cause some of the image to be
overexposed, taking away details that should remain visible.
Also, the colors in which shells or wreckage are painted will
effectively diminish color cues for the algorithm when they
match those of the sandy background. It’s worth adding that
in real-time detection, there will also be dynamic factors
such as waving motions which introduce more noisiness.
Further, occlusions happen often on beaches with high den-
sity. Thus, this study attempts to solve these challenges for
enhancing the performance of object detection models on
marine debris, particularly in tasks where high precise de-
tection of small objects is required.

Our main contributions are as follows:

• We integrate an SPDConv layer into the P2 feature
layer of the RT-DETR model, which allows for down-
sampling without loss of spatial information, and pre-
serves fine-grained details that are crucial for detecting
small objects against low-contrast backgrounds.

• We introduce the CSPOmniKernel module after the
feature concatenation step, which processes the input
through a convolution layer, extracts a portion of the
channel data to pass through the OmniKernel module,
and then concatenates it with the skipped portion be-
fore applying a final convolution.

• We validate our proposed enhancements through ab-
lation and comparison studies on three marine debris
datasets.
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The results demonstrate that our model outperforms
baseline RT-DETR models in real-time detections.

2. Related Work

2.1. Traditional Object Detection Algorithms

Traditional object detection algorithms have formed the
grounds for computer vision, which used hand-engineered
features together with comprehensive search methods.
Classic early systems, such as those by Viola-Jones [13],
used Haar-like features together with cascaded classifiers to
realize real-time face detection. However, they are often
limited in generalization and often fail to handle scale vari-
ations and complex backgrounds [14]. Other notable tech-
niques are Histogram of Oriented Gradients (HOG) com-
bined with Support Vector Machines (SVMs) for object de-
tection. In particular, Dalal and Triggs [15] presented the
HOG descriptors for pedestrian detection, which demon-
strated robustness under changes in illumination and pose.
They captured not only the edge structure but also the gra-
dient structure of local shapes effectively, though computa-
tionally expensive due to dense calculations. Additionally,
small-size objects were hard to detect because of limited
feature representation. In general, most traditional algo-
rithms are computationally intensive and require meticulous
tuning of parameters, which limits their real-time applica-
tion and performance in cluttered or low-contrast environ-
ments.

2.2. Deep Learning Based Methods

Object detection performance improved after the intro-
duction of deep learning. Region-based Convolutional Neu-
ral Networks (R-CNN) [16] introduced region proposals via
CNNs to accomplish object classification tasks. Fast R-
CNN [1] enhanced this by unifying region proposal pro-
cessing and classification in a single network, while Faster
R-CNN [2] went one step ahead with the introduction of Re-
gion Proposal Networks (RPNs), leading to an entirely end-
to-end trainable architecture with faster inference. Single-
shot detectors like Yolo [9, 17] and SSD [18] were proposed
with a focus on real-time detection times by eliminating the
region proposal step and directly predicting object classes
and bounding boxes from feature maps. Feature Pyramid
Networks (FPN) [19] were proposed to use multiscale fea-
ture representations for enhancing detection ability by fus-
ing low-level and high-level feature maps benefiting the de-
tection of small objects. Additionally, RetinaNet [11] ad-
dressed the issue of class imbalance in single-stage detec-
tors by introducing the focal loss, which down-weights easy
examples and focuses training on hard negatives. However,
current models often struggle with detecting small objects
in cluttered environments [3, 4].

2.3. End-to-end Object Detectors

Attention mechanisms [20, 21] and transformer architec-
tures [22] have also been integrated in recent advances of
detection frameworks. Detection Transformer (DETR) [10]
rethinks object detection as a direct set of prediction prob-
lems, which taking advantage of the global self-attention
mechanism [23] in transformers modeled the interaction be-
tween individual objects with their surroundings better [22].
This also removes the requirement of anchor boxes, non-
maximum suppression, etc. To overcome the convergence
speed of DETR, as well as its difficulty in detecting small
objects, Deformable DETR [24] devised a multi-scale de-
formable attention module dedicated to capturing essential
spatial locations which led to out-performance in small ob-
jects and faster training. Nevertheless, despite those tun-
ing path, DETR and its extensions, like RT-DETR [25], still
have difficulties in detecting small objects that might be em-
bedded in complex environments like beaches. The global
attention mechanisms struggle to capture the fine-grained
details for small objects as beach scenes often have homo-
geneous and low-contrast compositions and high glare, in
addition, dynamic elements that distort the background fur-
ther complicate global attention effects. DETR often con-
fused small objects with the background and is less accu-
rate than Faster R-CNN on detection. To overcome these
limitations, multi-scale context to the feature representation
[19], more fine-grained positional encoding [26] and spe-
cialized error functions like focal loss [11] have been em-
ployed to enhance model performance in adverse settings.
As a result, methods tailored exclusively to the challenges
of small object detection at beaches are vital; these steps
would enhance the practicality of high-performance models
like RT-DETR in environmental monitoring and conserva-
tion projects.

3. Methodology
Current small object detection algorithms lack accuracy

in detecting marine debris on beaches, particularly because
of the complex environment different beaches can have. For
example, some beaches mostly consist of sand and low con-
trast backgrounds, while more polluted ones are more com-
plicated and involve occlusions. Therefore, we aim to solve
this issue and our improvements focus on modifying the hy-
brid encoder architecture by adding a P2 layer, introducing
SPDConv [27], and embedding the CSPOmniKernel mod-
ule to process feature extraction on a variety of scales.

3.1. P2 Layer Integration

The original RT-DETR architecture uses a three-layer
hybrid encoder, consisting of P3, P4, and P5 tracks, which
are obtained from the backbone network. This begins with
processing these layers following a CSP (Cross Stage Par-
tial) [28] architecture which concatenates the layers in an
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Figure 1. Overview of the RT-DETR-SEA Hybrid Encoder Architecture. The architecture is divided into two main sections: Top-down
Feature Pyramid Network (FPN) and Bottom-up Path Aggregation Network (PAN). Layers P3, P4, and P5 are processed through convolu-
tional operations, RepC3 modules, and concatenation operations to ensure multi-scale feature integration. The newly introduced P2 layer
is routed through the SPDConv module, enhancing small object detection by retaining fine-grained spatial details. The CSPOmniKernel
module processes features from P3, applying a combination of local and global attention mechanisms, including depth-wise convolutions
(DConv), a dual-domain channel attention module (DCAM), and a frequency-based spatial attention module (FSAM).

upsampling and downsampling fashion. The first half is a
top-down Feature Pyramid Network (FPN), where we do
convolution on P4 and take a concatenation between the
upsampled P5 and P4. If they are not skipped, P4 is sub-
sequently processed similarly via an RepC3 module and
a convolution, and upsampled to concatenate with the P3
features. The second half is a bottom-up Path Aggregation
Network (PAN) [29], complementary to the FPN, where the
features gradually go from the P3 track to the P5 track in a
similar process. The idea behind this mechanism is intuitive
because object detection requires integration of multi-scale
features.

The standard approach, on the other hand, improves per-
formance on small objects by adding a P2 layer in the hybrid
encoder and adopting similar processing as P3, P4 and P5.
In specific, this adds an entire new track for final concate-
nation to the decoder, as well as two connections with the
P3 track. However, this can dramatically increase the com-
putational overhead. Instead of introducing a new track for
P2 as presented in Figure 1, we follow an alternative and
more compact way of information flow, where P2 track is
going through SPDCov module, then concatenated with the
P3 layer. This way we can keep the fine-grained informa-

tion from P2 without dramatically enlarging the model.

3.2. SPDConv Module

The SPDConv module aims to overcome some of the
shortcomings in traditional strided convolutions by dispos-
ing of non-adjacent tokens which provide finer patterns. To
maintain the spatial information of feature maps, SPDConv
adopts a space-to-depth (SPD) layer, further with a non-
strided convolution. It preserves a great deal of salient infor-
mation that is lost when sliding window-based operations
are strided, making it easier to gain accurate detections on
important details.

In our model, the P2 layer is convolved by SPDConv
before concatenating with P3. The space-to-depth reshapes
the input feature map to have smaller spatial dimensions,
while simultaneously increasing the channel depth so that
it maintains all of the original information. In this formula,
for an input tensor X ′ ∈ RC×=H×W , with C channels over
spatial dimensions H and W , the transformation rearranges
the spatial features as follows:

X ′ = SPD(X), X ′ ∈ R(C×r2)×H
r ×W

r (1)

Here, r is the downscaling factor, and X ′ is the trans-
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formed feature map with spatial dimensions reduced by r
and channels increased by r2. This transformation ensures
that no spatial information is lost during downsampling.
Following the SPD transformation, a non-strided convolu-
tion is applied to process the high-dimensional feature map
while preserving its resolution:

Y = WConv ∗X ′ (2)

where WConv are the learned weights of the convo-
lutional layer, and ∗ denotes the convolution operation.
The convolution reduces the expanded channel dimension
C × r2 back to a manageable size while allowing the net-
work to learn discriminative features without spatial loss.

3.3. CSPOmniKernel Module

In addition, to enrich the ability of the model to obtain
information with different scales and contexts, we propose
a module CSPOmniKernel in the P3 trajectory. This mod-
ule draws inspiration from the Cross Stage Partial (CSP)
networks and the OmniKernel mechanism [30] to aggregate
representations from global to local scales.

After the concatenation, we pass the combined feature
map through a convolutional layer in this track. Then, we
separately extract channels from the feature maps, then feed
these through the OmniKernel layer which is intended to
learn diverse receptive fields with few parameters.

3.3.1 Cross Stage Partial Integration

CSPOmniKernel initially uses the CSP strategy to split the
input feature map into two parts. The first part goes through
the layer of OmniKernel to get multi-scale features. The
other part bypasses the OmniKernel layer and behaves as a
shortcut (residual connection) to keep the original feature
representations. This process greatly lightens the computa-
tional load with faster inference and better detection perfor-
mance. This process can be described through a mathemat-
ical expression as follows:

Fa = Fin[:, 0 : X · C, :, :] (3)

Fa’ = OmniKernel(Fa) (4)

Ffinal = Conv(Fa’ ⊕ Fin \ Fa) (5)

where ⊕ denotes channel-wise concatenation and X is
the extraction ratio of channels to be passed through the
OmniKernel layer.

4. OmniKernel Layer
Given an input feature map P3 ∈ RC×H×WX , where

C, H , and W represent the number of channels, height,
and width respectively, we first apply a 1 × 1 convolution

kernel to reduce the dimensionality and isolate important
features. Then, we distribute the input into three separate
branches: local, large, and global. The local branch cap-
tures fine-grained spatial details essential for small object
detection by applying a x depth-wise convolution (DConv)
kernel with a 1× 1 kernel size:

YLocal = W local
DConv ∗X (6)

where W local
DConv denotes the weights of the depth-wise

convolution responsible for processing local features. This
branch ensures the capture of high-resolution details critical
for detecting small objects that would otherwise be lost in
larger-scale operations.

Adding on to the local branch, to better capture elon-
gated or non-uniform object features that may be present
in marine debris, we use the large branch which has depth-
wise convolutions with both square and strip-shaped ker-
nels:

YLarge = W large
DConv ∗X+W strip1

DConv ∗X+W strip2
DConv ∗X (7)

Here, W large
DConv corresponds to a K × K convolution,

while W strip1
DConv and W strip2

DConv represent 1 × K and K × 1
convolutions, respectively. In our approach, we set K = 31,
as the kernel sizes are adjusted to provide a balance be-
tween computational overhead and capturing diverse fea-
ture scales.

Furthermore, by employing dual-domain channel atten-
tion and frequency-based spatial attention blocks, the global
branch also models large-scale contextual dependencies.
Similarly, the attention mechanisms learn to amplify global
structure and avoid simplifying some less important regions
in the latter situation which highlights more relevant struc-
tures for larger debris like plastic bags and containers. We
apply the frequency channel attention (FCA) to the input
XGlobal, represented as XG, for descriptor.

XFCA = IF
(
F(XG)⊙WFCA

1×1 (GAP(XG))
)

(8)

Here, F and IF denote the Fourier transform and its
inverse, and WFCA

1×1 represents the weights of the 1×1 con-
volution used for global average pooling (GAP), and ⊙ is
the element-wise multiplication. Next, we apply the spatial
channel attention and get XDCAM or XD:

XD = XFCA ⊙WSCA
1×1 (GAP(XFCA)) (9)

where WSCA
1×1 modulates the channel-wise features. Fi-

nally, frequency-based spatial attention (FSAM) is applied,
and the final output YGlobal, or YG is:

YG = IF
(
F(W 1

1×1(XD))⊙W 2
1×1(XD)

)
(10)
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where W 1 and W 2 are two separate weights. The out-
puts from the three branches are then concatenated:

YCSPOK = Concat(YLocal, YLarge, YGlobal) (11)

This combined feature map is then passed through a fi-
nal convolution kernel, which can refine the representation
before continuing through the P3 layer.

5. Experiments
5.1. Dataset

We used three separate datasets which all focused on de-
bris on the beach, and they focused on different types of sce-
narios, including low contrast and frequent occlusion back-
grounds as well as varying sizes of debris.

5.1.1 Global Solution Dataset

This publicly available dataset [31] includes 577 images
with a total of 2,200 annotations across six different marine
debris classes. Image annotations and augmentations were
performed using Roboflow [32]. All images were resized
to 640 × 640 dimensions and further augmented through
horizontal flip, rotation, and brightness adjustments, gener-
ating 1,501 total images. Most marine debris were located
on sandy beaches, which lack major textures and contrasts.

Figure 2 shows the dataset distribution and bounding
box characteristics. The bar chart indicates an imbalance
in the dataset, with the bottle class being the most frequent
and others, such as fishing nets and aluminum cans, having
significantly fewer instances. The bounding box visualiza-
tion highlights the spatial spread of objects in the dataset.
The scatter plots reveal that most debris is relatively small,
which fits the criteria of our evaluation.

5.1.2 Marine Pollution Dataset

The Marine Pollution Dataset [33] includes 519 images
and 831 annotations. The annotations were made using
bounding boxes on Roboflow, and the dataset counts with 5
classes, with ’plastic bottle’ class appearing most frequently
and ’fishing waste’ the least. The dataset includes im-
ages with different beach backgrounds and different light-
ing conditions, which can be a bit challenging for object
detection.

For training, validation and test sets are used as 87%
(1089 images), 8% (104 images) and 4% of total dataset i.e.
(52 images). All the images had a preprocessing of resizing
to 640× 640. During training, the augmentation techniques
applied were horizontal flips, random crop zoom (0% min
/ 20% max range) and rotation in [-15°,+15°], with three
augmented outputs per training example.

Figure 2. Data distribution and characteristics of the Global
Solution dataset. Top left: Bar chart showing the class distribu-
tion of debris instances with the bottle class as the most frequent.
Top right: Visualization of bounding boxes for each class across
the entire dataset. Bottom left: Scatter plot of normalized x and y
coordinates of bounding box centers. Bottom right: Scatter plot of
bounding box width and height distribution.

5.1.3 Dapeng Bay Dataset

The third dataset includes a total of 514 1000× 600 images
covering 7 distinct debris classes, annotated and augmented
using Roboflow. The data had been acquired in Dapeng
Bay, Shenzhen, China using UAVs (drones), and was an
area of tourism with substantial marine debris concentra-
tion. The new footage was filmed by two DJI drones, which
were equipped with 12MP sensors and had the capacity to
record in 4K at 30 fps as well. These drones were con-
trolled manually at no more than 10 meters in height over
the beach floor, while a coastline was included within 50
meters of the path. Videos were recorded across two differ-
ent beaches on two separate days. The first has more of the
existing low-contrast sand as a background, and the second
includes far more occlusions of objects due to there being
many additional items involved. Individual frames contain-
ing marine debris were extracted from these videos, giving
approximately 10 square meters of coverage per image.

5.2. Experimental Setup

The environment used for experiments is shown in Ta-
ble 1. The system ran on Ubuntu 20.04 LTS. The CPU
was an Intel Xeon Gold 5418Y (96 cores, 3.8 GHz max),
and the GPU was an NVIDIA GeForce RTX 4090 (24GB
VRAM). CUDA version 12.4 was utilized for GPU accel-
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eration, with Python 3.12.3 and PyTorch 2.3.1+cu118 (op-
timized for CUDA 11.8). The system also had 1.0 TiB of
memory, enabling efficient handling of large datasets.

Table 1. Experimental Environment Configuration

Component Version

Operational System Ubuntu 20.04 LTS
CPU Intel Xeon Gold 5418Y
GPU NVIDIA GeForce RTX 4090
CUDA version 12.4
Python version 3.12.3
PyTorch version 2.3.1+cu118
Memory 1.0 TiB

The training setting is shown in Table 2. We used a batch
size of 16 and the AdamW optimizer [34] with a learning
rate of 0.0001 and weight decay of 0.0001. A pretrained
model, rtdetr-r18, was utilized to initialize the training. The
total number of epochs was set to 300 with 2000 iterations
dedicated to warmup. The first dataset was split into train-
ing, validation, and testing sets with a ratio of 70%, 15%,
and 15%, respectively. The second dataset was split as 70%,
20%, and 10%. For the third dataset, the split was 93% for
training and 7% for validation.

Table 2. Training Settings

Setting Value

Batch Size 16
Optimizer AdamW
Learning Rate 0.0001
Weight Decay 0.0001
Epochs 300

5.3. Evaluation Metrics

We employed standard object detection metrics: preci-
sion, recall, mean Average Precision at an Intersection over
Union (IoU) threshold of 0.5 (mAP@50), and mean Aver-
age Precision averaged over IoU thresholds from 0.5 to 0.95
in increments of 0.05 (mAP@[.5:.95]).

Precision (P ) and recall are defined as:

P =
TP

TP + FP
(12)

R =
TP

TP + FN
(13)

where TP , or true positives, is the number of correctly
detected objects, FP , or false positives, is the number of in-
correct detections, and FN , or false negatives, is the num-
ber of actual objects that the model failed to detect.

The Average Precision (AP ) metric calculating the area
under the precision-recall curve, and provides a single value
that balances both precision and recall across different
thresholds. It is computed as:

AP =

∫ 1

0

P (R) dR (14)

In practice, we approximated this using a finite sum over
recall levels where precision values change. The mean Av-
erage Precision at IoU 0.5 (mAP@50) is obtained by av-
eraging the AP values for all object classes at a fixed IoU
threshold of 0.5:

mAP@50 =
1

N

N∑
i=1

AP IoU=0.5
i (15)

where N is the total number of object classes, and
AP IoU=0.5

i is the Average Precision for class i at an IoU
threshold of 0.5. We also calculate the mean Average Pre-
cision across multiple IoU thresholds from 0.5 to 0.95 in
increments of 0.05, denoted as mAP@[.5:.95]. This is com-
puted as:

mAP@[.5:.95] =
1

T

T∑
t=1

(
1

N

N∑
i=1

AP IoU=τt
i

)
(16)

where T = 10 is the number of IoU thresholds consid-
ered (τt ∈ {0.5, 0.55, . . . , 0.95}), and AP IoU=τt

i is the Av-
erage Precision for class i at IoU threshold τt. This met-
ric evaluates the model’s performance across a spectrum of
localization strictness levels, making it particularly relevant
for small object detection where precise localization is chal-
lenging yet important.

The Intersection over Union (IoU) metric itself measures
the overlap between the predicted bounding box Bp and the
ground truth bounding box Bgt, as:

IoU =
Area(Bp ∩Bgt)

Area(Bp ∪Bgt)
(17)

6. Results
6.1. Ablation Study

To evaluate the effectiveness of the proposed enhance-
ments to the RT-DETR architecture, we conducted an abla-
tion study focusing on four variations of the model: (1) in-
corporating only the SPDConv layer without the CSPOm-
niKernel module, and (2) integrating the CSPOmniKernel
module with different extraction percentages—25% (SEA-
25), 50% (SEA-50), and 75% (SEA-75) of the channel data
processed through the OmniKernel. The varying extraction
rates aim to balance detection accuracy with real-time per-
formance, as extracting less data enhances computational
speed.
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Table 3. Performance Comparison of RT-DETR-SEA Variants

Class SPDConv Only SEA-25 SEA-50 SEA-75

mAP50 mAP50-95 mAP50 mAP50-95 mAP50 mAP50-95 mAP50 mAP50-95

Dataset 1

All 55.7 37.3 59.4 38.6 59.7 39.6 58.8 38.7
Fishing net 73.6 47.0 77.6 43.0 81.7 45.7 79.1 43.3
Aluminum can 70.6 38.3 69.6 42.2 64.1 40.5 69.3 43.8
Bottle 62.2 34.6 76.9 45.4 69.9 40.6 67.6 36.2
Plastic bag 31.9 26.9 26.9 22.7 38.8 31.4 36.0 31.8
Plastic waste 16.0 11.8 27.8 19.2 23.7 16.6 24.2 15.5
Tire 80.1 65.4 77.9 59.0 79.7 62.6 76.5 61.9

Dataset 2

All 71.0 51.8 79.5 57.9 74.1 55.5 77.2 56.0
Fishing net 93.3 65.1 90.7 58.2 92.6 70.0 92.9 64.7
Glass Bottle 69.7 53.2 94.9 76.9 67.0 51.0 64.5 51.8
Aluminum Can 55.6 49.3 81.5 66.5 77.5 62.7 99.5 71.1
Plastic Bottle 69.6 49.7 63.9 44.7 67.3 52.1 62.8 50.5
Fishing wastes 66.5 42.2 66.5 43.3 66.5 41.6 66.5 41.6

Dataset 3

All 68.8 35.7 70.9 36.7 69.5 37.4 68.6 34.9
Can 99.5 69.7 99.5 69.7 99.5 69.7 99.5 59.7
Carton 64.7 29.2 70.0 31.3 56.9 26.2 60.1 24.8
Plastic bag 50.8 24.7 63.9 30.5 53.7 25.6 56.4 28.4
Plastic bottle 77.7 32.1 83.7 37.4 81.7 33.8 77.5 35.9
Plastic container 64.4 26.0 63.0 23.9 63.1 32.2 66.0 27.3
Styrofoam 78.7 42.1 74.5 42.9 83.2 43.8 81.5 42.9
Tire 45.7 25.9 41.4 20.9 48.7 30.2 39.5 25.3

Across all three datasets, as shown in Table 3, the SEA-
25 variant consistently demonstrated superior general per-
formance compared to the other models. In Dataset 1,
the SEA-25 model achieved an mAP@50 of 59.4% and
an mAP@50-95 of 38.6% for all classes, surpassing the
SPDConv-only model, which recorded an mAP@50 of
55.7% and an mAP@50-95 of 37.3%. Notably, the SEA-
25 model showed significant improvements in detecting
smaller objects. For the ’plastic waste’ class, character-
ized by low contrast and small object size, the mAP@50 in-
creased from 16.0% in the SPDConv-only model to 27.8%
with SEA-25. Similarly, for ’plastic bag’ the mAP@50
remained comparable, but the SEA-25 variant maintained
consistent performance across different IoU thresholds, as
indicated by the mAP@50-95 scores.

In Dataset 2, the SEA-25 model again outperformed the
other variants. It achieved an all-class mAP@50 of 79.5%
and an mAP@50-95 of 57.9%, compared to the SPDConv-
only model’s mAP@50 of 71.0% and mAP@50-95 of
51.8%. Particularly for glass bottles, which include smaller
and more challenging objects with faint edges, the SEA-
25 model significantly improved mAP@50 from 69.7% to

94.9% and mAP@50-95 from 53.2% to 76.9%.

Dataset 3, which consists mostly of small targets, further
shows the improvements of the SEA-25 variant. The SEA-
25 model achieved an all-class mAP@50 of 70.9% and
mAP@50-95 of 36.7%, slightly surpassing the SPDConv-
only model’s mAP@50 of 68.8% and mAP@50-95 of
35.7%. For specific small object classes like ’carton’ and
’plastic bag’ the SEA-25 model showed notable improve-
ments. The mAP@50 for ”carton” increased from 64.7% to
70.0%, and for ”plastic bag,” it rose from 50.8% to 63.9%.
These enhancements indicate that the SEA-25 model is
more adept at detecting small objects amidst complex back-
grounds.

Through comparing the SEA-25 model to the SEA-50
and SEA-75 variants, we found that extracting only 25%
of the channel data is closer to the balance between detec-
tion performance and computational efficiency. While the
SEA-50 and SEA-75 models occasionally achieve slightly
higher mAP@50 scores in certain classes, they have more
computational load, which is less desirable.
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6.2. Comparison With Other Models

To further validate the effectiveness of the proposed
model enhancements, we conducted a comparison between
our improved models and two baseline models: (1) the orig-
inal RT-DETR-r18 (denoted as r18), which serves as the
pretrained model used in our experiments, and (2) a variant
that adds a P2 layer directly to the hybrid encoder (denoted
as P2), a common approach to enhance small object detec-
tion in RT-DETR architectures. The comparison focuses on
two key aspects: detection performance metrics and real-
time processing capabilities.

6.2.1 Comparison of Detection Performance

The detection performance of the models was evaluated us-
ing standard metrics: Precision (P), Recall (R), mAP@50,
and mAP@50-95. Figure 3 shows the heatmap compari-
son between the SEA-25 model and the P2 baseline model
(bottom images). The direct P2 layer integration resulted
in wrong identification of small bottles in the upper part,
while the SEA-25 model captures smaller features more
precisely. Furthermore, the SEA-25 model showed a better
ability to extract relevant features as shown in its more ac-
tive heatmap. The metric curves in the figure 5 show that the
SEA variants consistently outperform both the r18 and P2
baseline models in terms of Precision, Recall, mAP@0.5,
and mAP@0.5:0.95 across 300 epochs in Dataset 1. No-
tably, SEA-25 and SEA-75 have the most stable and best
performance on all metrics, while the baseline models fail
to reach similar levels of accuracy and consistency. Table 4
summarizes the results across the three datasets, with Figure
4 visualizing the metrics over bar graphs.

In Dataset 1, which contains the largest number of im-
ages, the SEA-25 model outperformed both baseline mod-
els and the SPDConv-only variant. It achieved an mAP@50
of 59.4% and an mAP@50-95 of 38.6%, surpassing the r18
model’s mAP@50 of 52.6% and mAP@50-95 of 35.0%.
While the P2 model improved upon the r18 baseline with
an mAP@50 of 55.2% and mAP@50-95 of 38.1%, it did
not exceed the performance of SEA-25. Notably, the SEA-
50 model achieved a slightly higher mAP@50 of 59.7% and
mAP@50-95 of 39.6%, but this marginal gain comes with
trade-offs in computational efficiency, as discussed later. In
Dataset 2, which includes various types of fishing waste, the
SEA-25 model again demonstrated superior performance
over the baseline models. It achieved an mAP@50 of 79.5%
and an mAP@50-95 of 57.9%, compared to the r18 model’s
mAP@50 of 66.2% and mAP@50-95 of 48.2%. The P2
model showed some improvement with an mAP@50 of
70.0% and mAP@50-95 of 52.5% but still fell short of
the SEA-25 variant. For dataset 3, SEA-25 achieved an
mAP@50 of 70.0% and mAP@50-95 of 36.7%, outper-
forming both baseline models. The r18 model recorded an
mAP@50 of 0.663 and mAP@50-95 of 35.1%, while the

Figure 3. Comparison of bottle detection performance. The up-
per left is the original image; The upper right is the ground truth
labeled image; The bottom left is the heatmap of bottle detection
by the P2 model; The bottom right is the heatmap of bottle de-
tection by the SEA-25 model. The SEA-25 model shows higher
accuracy and more extracted features, while P2 shows more error
predictions. The red arrow pointed out a prediction error of P2
model which SEA-25 mitigates.

P2 model showed slight improvement with an mAP@50 of
66.7% and mAP@50-95 of 36.9%.

6.2.2 Real-Time Performance Analysis

We measured the frames per second (FPS) for each model
on all datasets. Table 5 presents the latency and FPS results.

The r18 model achieved the highest, 384 FPS (frames
per second), in all datasets. The SEA-25 model performed
similarly, with an average of 371 fps, demonstrating that
we maintain real-time capabilities by only introducing the
CSPOmniKernel module with a 25% extraction. The SEA-
SPDonly model also yielded high FPS values, comparable
to the combined SEA-25 variant. In contrast, the P2 model
resulted in a large drop in FPS (and low accuracies), with
an average of 254 FPS across the datasets. This decrease
in real-time performance likely reflects the additional com-
putational overhead of embedding a P2 layer directly into
the hybrid encoder. While the P2 model did show some im-
provements in detection metrics over the r18 baseline, the
trade-off in processing speed is considerable. The SEA-
50 and SEA-75 models have slight decreases in FPS com-
pared to the SEA-25 variant, averaging around 366 FPS and
370 FPS. The minor reductions in real-time performance for
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Figure 4. Performance comparison of different models across three datasets (Dataset 1, Dataset 2, and Dataset 3) based on four key metrics:
Precision (P), Recall (R), mAP@50, and mAP@50:0.95. Visualization of Table 4

Table 4. Detection Performance Metrics across Different Models and Datasets

Model Dataset 1 Dataset 2

P R mAP50 mAP50-95 P R mAP50 mAP50-95

r18 57.1 56.8 52.6 35.0 79.8 64.7 66.2 48.2
P2 61.8 54.1 55.2 38.1 93.0 65.6 70.0 52.5
SEA-SPDonly 69.4 48.1 55.7 37.3 83.6 69.0 71.0 51.8
SEA-25 68.9 57.5 59.4 38.6 79.3 71.4 79.5 57.9
SEA-50 72.3 54.0 59.7 39.6 93.6 64.9 74.1 55.5
SEA-75 69.4 51.3 58.8 38.7 93.1 69.9 77.2 56.0

Dataset 3

Model P R mAP50 mAP50-95

r18 73.8 62.3 66.3 35.1
P2 81.0 61.1 66.7 36.9
SEA-SPDonly 76.1 65.7 68.8 35.7
SEA-25 81.7 66.2 70.9 36.7
SEA-50 75.0 65.7 69.5 37.4
SEA-75 80.5 61.3 68.6 34.9

these models, combined with only marginal gains in detec-
tion accuracy, suggest that extracting more than 25% of the
channel data through the OmniKernel module may not be
the most efficient approach for real-time applications.

Overall, the SEA-25 model achieves better detection
metrics compared to simply adding a P2 layer and main-
tains high FPS rates comparable to the r18 model.

7. Discussion

This study focuses on how the performance of RT-DETR
can be refined to better detect small objects under beach en-
vironment conditions (i.e., low-contrast and cluttered back-
grounds). To keep fine-grained spatial information and
improve multi-scale feature representation while avoiding
huge additional computation, we concatenate the SPDConv
layer in P2 level of features and introduce a CSPOmniKer-

nel module after concatenation of features. Ablation analy-
sis in our study indicated that the SEA-25 variant, which
extracts 25% of channel data for feeding into OmniKer-
nel module showed an intuitive tradeoff between detec-
tion accuracy and real-time processing capabilities. The
SPDConv enables downsample-invariant spatial processing,
while the CSPOmniKernel facilitates multi-scale and con-
textual learning to improve feature representation in the
model. In practice with our comparison studies, we demon-
strated that SEA-25 was significantly outperforming both
the original RT-DETR-r18 model and a standard improve-
ment (having an additional P2 layer for all datasets). The
SEA-25 model offered better detection metrics, especially
in data containing a larger fraction of small objects, and
came with higher frames per second (FPS) rates similar to
the baseline models.

An important finding from our ablation studies is that
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Table 5. Real-Time Performance Metrics across Different Models and Datasets

Model Dataset 1 Dataset 2 Dataset 3

Latency (s) Std Dev (s) FPS Latency (s) Std Dev (s) FPS Latency (s) Std Dev (s) FPS

r18 0.00273 0.00329 386.7 0.00257 0.00191 388.9 0.00266 0.00495 376.4
P2 0.00393 0.00051 254.2 0.00397 0.00113 252.0 0.00392 0.00027 255.2
SPDonly 0.00267 0.00324 375.0 0.00265 0.00400 377.6 0.00270 0.00392 369.9
SEA-25 0.00266 0.00373 375.6 0.00269 0.00603 372.3 0.00273 0.00721 365.8
SEA-50 0.00272 0.00423 367.7 0.00269 0.01245 372.0 0.00279 0.00630 358.9
SEA-75 0.00266 0.00331 376.3 0.00274 0.00779 365.6 0.00271 0.01115 369.6

Figure 5. Metric comparison of different models across 300
epochs for Dataset 1. Precision (top left), Recall (top right),
mAP@0.5 (bottom left), and mAP@0.5:0.95 (bottom right) show
the SEA models outperform the r18 and P2 baselines.

extracting only 25% of the channel data to pass through the
OmniKernel layer yields better performance than extracting
larger portions like 50% or 75%. The OmniKernel layer is
designed to capture multi-scale and contextual information
by processing features through various convolutional oper-
ations that focus on different receptive fields. By limiting
the extraction to 25%, the model can select the most impor-
tant features, and this prevents the original fine-grained spa-
tial information captured by the SPDConv layer from being
turned to less representative ones.

However, the fixed extraction rate of 25% in the CSPOm-
niKernel module, while generally effective, may not be op-
timal for other scenarios. Future work could explore adap-
tive extraction rates which adjust dynamically based on the
input data. Additionally, researching more advanced at-
tention mechanisms or alternative architectures within the
OmniKernel module might further enhance detection per-

formance.
In conclusion, the proposed improvements of RT-DETR

enable reliable detection of small objects in sea regions
while being able to run efficiently in real-time. The effec-
tiveness and applicability of the model for practical deploy-
ment in marine debris detection can be strengthened by re-
solving these limitations, as well as exploring future direc-
tions proposed.
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