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Abstract: Floating wastes in rivers have specific characteristics such as small scale, low pixel density and complex backgrounds. These
characteristics make it prone to false and missed detection during image analysis, thus resulting in a degradation of detection performance.
In order to tackle these challenges, a floating waste detection algorithm based on YOLOvV7 is proposed, which combines the improved
GFPN (Generalized Feature Pyramid Network) and a long-range attention mechanism. Firstly, we import the improved GFPN to replace
the Neck of YOLOV7, thus providing more effective information transmission that can scale into deeper networks. Secondly, the
convolution-based and hardware-friendly long-range attention mechanism is introduced, allowing the algorithm to rapidly generate an at-
tention map with a global receptive field. Finally, the algorithm adopts the WiseloU optimization loss function to achieve adaptive gradient
gain allocation and alleviate the negative impact of low-quality samples on the gradient. The simulation results reveal that the proposed al-
gorithm has achieved a favorable average accuracy of 86.3% in real-time scene detection tasks. This marks a significant enhancement of
approximately 6.3% compared with the baseline, indicating the algorithm’s good performance in floating waste detection.
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ing wastes in rivers to alleviate marine pollution'. Tradi-

0 Introduction
tionally, the detection of floating wastes in rivers primar-

The urban expansion and population growth have ily relies on manual inspections. However, this method

led to a corresponding rise in waste production. The
ocean, as the planet’s largest aqueous expanse, inevita-
bly bears the brunt of this problem. Investigations indi-
cate that inland rivers are the primary source of marine
wastes, highlighting the crucial role of addressing float-

has various limitations, such as low efficiency and high
costs. The deep learning-based millimeter-wave radar
target detection technology exhibits greater robustness
to varying illumination conditions and offers the poten-
tial for long-distance detection™’. However, there are
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still challenges including weak echoes from non-
metallic wastes, susceptibility to water wave interfer-
ence, and limited semantic information. In recent years,
the rapid development of computer vision and machine
learning technologies has spurred significant interest in
image-based waste detection methods. Traditional ma-
chine learning algorithms primarily use sliding windows
to extract certain features from images™”. These meth-
ods overly relies on manually designed features, thereby
limiting their performance and accuracy to some extent.
The deep learning-based target detection algorithm has
become the mainstream in target detection research due
to its simple structure, and absence of the need for manu-
ally designed features. These characteristics contribute
to its superior generalization and adaptability. The deep
learning-based target detection models have undergone
continuous evolution and improvement. Initially, R-
CNN (Region-based Convolutional Neural Network) !
and Faster R-CNN™ adopted a two-stage detection pro-
cess, which entailed higher computational costs but
yielded greater accuracy. Subsequently, the emergence
of single-stage detection models such as SSD (Single
Shot MultiBox Detector) """, RetinaNet!"", and YOLO!"”
significantly accelerated the detection speed, allowing
real-time target detection. However, floating wastes are
commonly classified as small-scale targets, indicating
their typically smaller dimensions in images, which
makes accurate feature extraction challenging. The float-
ing waste detection is further influenced by the complex
environment, including object reflections along the river-
banks and intense light reflections off the river. There-
fore, the existing deep learning algorithms may encoun-
ter issues of information loss or image blurring when de-
tecting floating wastes, resulting in sub-optimal results.
Currently, YOLO has emerged as a classic single-
stage detection algorithm, renowned for its fast process-
ing speed and efficient memory utilization. YOLOv7!"!
is a further improvement upon the original YOLO,
achieving heightened detection accuracy and faster infer-
ence speeds through the incorporation of advanced struc-
tures and convolutions. These attributes are particularly
beneficial for the task of small target detection. In terms
of parameter reduction and enhanced computational effi-
ciency, YOLOv7 assimilates the latest performance im-
provements in CNNs (Convolutional Neural Networks),
specifically leveraging advancements in edge device
computation, such as the RepConv (Reparameterized
Convolution)"" and the ELAN (Efficient Layer Aggrega-
tion Networks) multi-branching architecture!”. These in-

novations collectively enhance the model’s capacity for
feature extraction. It is within this context that an im-
proved YOLOV7 is proposed in this paper, which mainly
includes the adoption of GFPN (Generalized Feature
Pyramid Network) and a long-range attention mecha-
nism to effectively address the challenges associated
with floating waste detection in rivers. The key contribu-
tions of this work can be outlined as follows:

® Aiming to address challenges related to low target
resolution and insufficient information, we optimize the
Neck of YOLOv7 with GFPN. It effectively facilitates
the transmission of feature information across different
layers, resulting in the generation of richer semantic in-
formation. Additionally, the GFPN-RepC2f module is
further proposed to replace the Queen-Fusion of GFPN.
It not only reduces the complexity of GFPN but also le-
verages the rich gradient flow information of C2f and
RepConv to enhance the quality of feature aggregation.

® The incorporation of the long-range attention
mechanism enables the model to focus more on the tar-
get region during feature extraction, thus reducing the
complex interference of the scene around rivers and the
adverse effects of image noise. It also establishes the as-
sociation and contextual information between targets to
further improve the accuracy of the detector.

® The WiseloU is employed to assign varying
weights to the targets, ensuring a fair evaluation of the
model when confronting targets of different qualities.
This approach facilitates the acquisition of adaptive gra-
dient gains, thereby reducing the adverse effects of low-
quality small target samples.

The rest of this paper is organized as follows: Sec-
tion 1 reviews previous related work. Section 2 presents
the improved YOLOv7-based algorithm for floating
waste detection in rivers. Section 3 first conducts abla-
tion experiments, and comparison experiments, followed
by visualizing the detection performance of the proposed
algorithm. Section 4 summarizes the results of the work
and looks forward to future research directions.

1 Related Work

Despite the excellent performance of deep learning-
based target detection algorithms on large targets, they
still encounter numerous challenges in detecting small
targets. Small targets often present issues such as low
resolution, blurriness, and lighting variations, making
them susceptible to being overlooked or misdetected.
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Zand et al"” addressed the detection of freely rotating
objects of any size by employing CNNs and rotation-
invariant feature maps, thereby enhancing the capability
of small object detection. However, their focus was on
remote sensing images. Zhang et al'” investigated super-
resolution techniques based on GAN (Generative Adver-
sarial Networks). By utilizing a generator capable of re-
storing blurry small images to clear high-resolution im-
ages, they achieved more accurate detection. Neverthe-
less, GAN-based methods are more challenging to train,
and the limited reward for generating samples during the
training process may somewhat impede further improve-
ments in detection performance. Gao et al'™ proposed a
small target detection method named IENet that lever-
ages both appearance and contextual information to en-
hance detection performance. However, in the context of
detecting floating wastes in rivers, the surrounding scene
is intricate, and not all contextual information proves
beneficial for detection. Leng et al' explored methods
of data augmentation and sample generation to enhance
the diversity and richness of small target samples. It is
noteworthy that this approach may potentially introduce
noise or generate unrealistic samples, thereby impacting
the performance of the detector. In recent years, with the
development of single-stage detectors, the YOLO series
has garnered significant attention due to its high accu-
racy and speed. YOLO has undergone continuous im-
provements, leading to subsequent versions with
steadily advancing detection performance. Zhu et al™
proposed an improved model of TPH-YOLOVS, which
employed an additional prediction head and utilized the
self-attention mechanism to enhance the detection per-
formance. Another work”" introduced a series of YOLO-
Z models, varying in scale and built upon YOLOVS,
which replaced the original Neck with BiFPN (Bidirec-
tional Feature Pyramid Network) to enhance small target
detection performance. However, it is not suitable for
scenarios with significant changes in target scales. YO-
LOvV7, a newer improvement in the YOLO series, intro-
duced a more efficient ELAN module on the foundation
of YOLOVS, along with a method for auxiliary head
training. These enhancements endow YOLOv7 with su-
perior computational efficiency and predictive capabil-
ity. It outperforms YOLOVS with higher accuracy and
120% faster speed under the same size and is 180%
faster than YOLOX. Therefore, in comparison to other
methods, YOLOV7 is chosen as the baseline in this study.

2 Improved YOLOv7-Based
Algorithm for Floating Waste
Detection in Rivers

2.1 Improvement of the Neck

YOLOV7 is an advanced real-time object detection
algorithm based on the YOLO series of algorithms with
improvements and optimizations. It has been designed to
provide better support for edge devices. The architecture
of YOLOV7 is primarily composed of three components:
Backbone, Neck, and Head. One can find more in Refs.
[22-24]. The Neck in the YOLO series integrates feature
maps from various levels, achieving a multi-scale fea-
ture representation and acquiring contextual informa-
tion. Its role is pivotal in bridging the Backbone and
Head, significantly influencing network performance.
Hence, this work emphasizes the analysis of the Neck
structure. The Neck of YOLOV7 also plays a crucial role
in integrating the position and detailed information from
shallow features with the semantic information derived
from deep features. This multi-scale detection strategy
has demonstrated its effectiveness in enhancing algo-
rithm performance. YOLOvV7’s Neck closely adheres to
the design principles of YOLOVS5, incorporating a blend
of the FPN (Feature Pyramid Network) and PAN (Path
Aggregation Network) structures. However, it is essen-
tial to note that despite its effectiveness, the simplicity
of this method can lead to weight imbalances. BiFPN™,
as illustrated in Fig. 1(a), eliminates redundant nodes to
reduce computational overhead. It also incorporates skip
connections and assigns learnable weights to features, al-
lowing the system to distinguish the importance of dif-
ferent features.

X

(b) The structure of GFPN

- _-_—=

(a) The structure of BiFPN

Fig.1 Comparison of two feature fusion networks

While BiFPN enhances feature fusion by introduc-
ing more connections and skipping connections across
different layers, research indicates that each BiFPN
layer is only connected to adjacent layers, limiting the
range of information transmission and fusion. This re-
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sults in insufficient feature fusion for distant feature lay-
ers. To address these issues, GFPN™ introduces the
dense-link, as depicted in Fig. 1(b). In this structure, the
shortest gradient distance extends from 1 layer to
1 +log} layers, which implies more efficient information
transmission for features, allowing the network to scale
deeper. Another key improvement in GFPN is the
Queen-Fusion module that can increase adaptability to
multiscale variations. The Queen-Fusion incorporates a
3x3 convolution for cross-scale feature fusion. It not
only receives input from the preceding node but also
gathers input features simultaneously from nodes diago-
nally above and below, minimizing the risk of informa-
tion loss during feature fusion. Although the GFPN-
based Neck facilitates the comprehensive exchange of
high-level semantic information and low-level spatial de-

tails, a satisfactory balance between accuracy and time
cost has not been achieved. Numerous studies propose
that multi-branch architectures generally outperform
their single-branch counterparts, even though the latter
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are more deployment-friendly. The RepConv deals with
this well, reducing the computational and parametric
load while improving speed. The C2f module®™ repre-
sents an enhancement of the C3 module of YOLOVS5 and
borrows insights from the ELAN structure in YOLOV7.
While maintaining a lightweight profile, C2f can capture
more extensive gradient flow information. Building
upon RepConv and C2f, we introduce the RepC2f mod-
ule, replacing the original Queen-Fusion in GFPN, as il-
lustrated in Fig. 2. The figure reveals that the RepC2f is
obtained by replacing the initial ordinary convolution in
the Bottleneck of C2f with RepConv, leading to im-
proved generalization performance while reducing pa-
rameters and computational costs. The improved Neck
of YOLOV7 is referred to as GFPN-RepC2f. In addition,
it can be observed that the GFPN-RepC2f eliminates un-
necessary upsampling operations while retaining the ben-
efits of more efficient downsampling operations, result-
ing in a significant reduction in inference latency with
minimal loss of accuracy.
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Fig.2 ' YOLOvV7 network with improved Neck using GFPN-RepC2f module

2.2 Neck Structure Incorporating Long-Range
Attention Mechanisms

The detection of floating wastes in rivers requires
the precise extraction of detailed features. However, riv-
ers frequently contain intricate background interfer-
ences. By reasonably applying attention mechanisms,
the feature extraction network can be directed specifically
to focus on target areas, thus enhancing the model’s
detection capabilities and accuracy. Given the task of
this study, which centers on detailed feature extraction
and addressing complex background interferences, the

application of attention mechanisms is deemed crucial.
An ideal attention mechanism should exhibit the follow-
ing characteristics. Firstly, it ought to efficiently capture
long-range spatial information, aligning with the original
self-attention concept to enhance feature representation.
Secondly, the attention module should be deployed effi-
ciently, ensuring minimal compromise to the overall in-
ference speed of the model. Finally, the attention module
should be kept concise, avoiding excessively intricate de-
signs to maintain the model’s versatility across different
tasks. The superior performance of the Transformer
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stems from its ability to effectively extract global fea-
tures. However, this comes at the expense of increased
computational cost. A FC (Fully Connected) Layer with
a straightforward structure and fixed weights is effective
in capturing long-range correlations, thereby generating
attention maps with a global receptive field. Neverthe-
less, the computational complexity exhibits a quadratic
relationship with the input feature maps. Fortunately, in
typical CNNs, the feature maps have a low rank. As a re-

Depthwise separable convolution -~ _ _

sult, dense FC for input feature maps becomes unneces-
sary, and leveraging this characteristic can alleviate the
computational burden of FC. Drawing from this under-
standing, a long-range and CNN-based attention mecha-
nism, DFC (Decoupled Fully Connected), is introduced.
DFC decouples the large convolution kernels into hori-
zontal and vertical convolutions, striking a balance be-
tween computational efficiency and global feature ex-
traction capability®, as depicted in Fig. 3.

- D

Fig. 3 The DFC attention mechanism for the decomposition of raw dense FC into horizontal and vertical directions

It can be observed from Fig. 3 that the fundamental
concept of this attention mechanism involves decompos-
ing the original dense FC into horizontal and vertical di-
rections. This enables the acquisition of long-range fea-
tures in the respective directions. Concurrently, the time-
effective depthwise separable convolutions are adopted
to mitigate computational demands. The computational
process is delineated as follows:

H
= O FfOM,,, h=1,2, H; w=1,2,-- W (1)

h'=1
w

Op= D F @0, h=1,2 - H; w=1,2,--, W (2)

w=1
where M € R“"" symbolizes the input feature map, and
F denotes the depthwise separable convolution kernel,
which is partitioned into vertical F” (1 x K,,) and horizon-
tal F"(K,x 1) directions. D={d,,, J,,, -*
sents the resulting attention map. In the framework of

-, O} TEpIE-

DFC, the attention calculation at a specific point in-
volves direct contributions from all feature points within
its corresponding row and column. Consequently, every
feature point within that region indirectly contributes to
the attention computation for that specific point. By em-
ploying weight sharing, the DFC process, as expressed
by equation (1), can be simplified through a straightfor-
ward convolution, thereby eliminating the need for ten-
sor transpositions and reshaping operations that could
otherwise impact the actual inference speed. Addition-
ally, to further reduce computational costs, convolution
operations are replaced with time-effective depthwise
separable convolutions. When these operations are se-
quentially applied to the input feature map M, the com-
putational complexity decreases from O(H*W+ HW?) in
the non-decoupled scenario to O(K,HW+ K, HW), pro-

viding a beneficial solution for improving model perfor-
mance and application in resource-constrained scenarios.

In GFPN-RepC2f, the Queen-Fusion module en-
ables the interaction and fusion of feature maps across
different scales, thereby enhancing the representational
capability of the feature maps. This contributes to a bet-
ter understanding of information at various scales within
the image, playing a crucial role in the performance of
the network’s Neck. Examining the Queen-Fusion sche-
matic in Fig. 2, it becomes apparent that, for the input
feature map, a pointwise-convolution is initially em-
ployed to achieve the desired number of feature map
channels. Subsequently, the resulting feature map is
evenly partitioned into two parts, each following its re-
spective path, and finally undergoes another pointwise-
convolution to generate the output result. This methodol-
ogy significantly diminishes both parametric and compu-
tational costs. Nevertheless, the pointwise-convolutions
sacrifice the spatial interaction between pixels, impact-
ing the representation of spatial information. The DFC
can offer a partial restoration of this interaction. How-
ever, when DFC is processed in parallel with the Queen-
Fusion, there is still an associated computational cost. To
mitigate this, downsampling is applied to features in
both the horizontal and vertical directions, aiming to en-
hance the execution speed of the DFC attention mecha-
nism. The structure of the Queen-Fusion, when incorpo-
rated with the long-range attention mechanism, is visu-
ally depicted in Fig. 4.

2.3 Improvement of the Loss Function

In the context of object detection tasks, accuracy
and stability are of paramount importance. The assess-
ment metrics for evaluating the quality of the detection
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Fig. 4 Queen-Fusion structure incorporating DFC attention mechanism

algorithms typically rely on Intersection over Union
(IoU) matching™, employed to quantify the overlap be-
tween predicted bounding boxes and actual bounding
boxes. YOLOV7 utilizes the CIoU™ function for com-
puting bounding box regression loss. The formula for
this function is expressed as follows:

_ Hin‘ (x_xgt)2+(y_ygt)2
lCloU =1- S 2 2 + @y (3)
u Hg + Wg aspect ratio loss
IoU loss Distance loss
where
V= 4 tan~' & _tan W , a= e (4)
T h, h 1-IoU+v

The CloU loss function consists of three compo-
nents: the conventional IoU loss, distance loss and as-
pect ratio loss. In equation (3), H, and W, represent the
height and width of the intersection between the pre-
dicted and target bounding box, while S,=wh+w,h,,—
W.H, denotes the union of the two boxes, as depicted in
Fig. 5. The distance loss involves the normalized dis-
tance between the predicted bounding box’s center coor-
dinates (x, y) and the target bounding box’s center coordi-
nates (x,.y,, ). H, and W, are the height and width of the
minimum enclosing box of the two boxes, p=(x—x, )’ +
(y—yg) is the square of the distance between the cen-
ters of the two boxes, and c=H_;+ W/ is the square of
W,

i

(g Vo)

gt

w5 2
=

Fig. 5 The geometric relationships in CloU losses adopted in
YOLOv7

the diagonal length of the minimum enclosing box. Addi-
tionally, o serves as a balancing parameter, and v is uti-
lized to assess whether the aspect ratios of the two boxes
are consistent.

Although the CloU loss function has shown effec-
tiveness in improving network performance, it fails to
account for the impact of low-quality samples on loss
and the challenge of balancing easy and difficult
samples. Addressing this concern, we adopt WiseloUP"
as the bounding box regression loss function. This loss
function a DNFM (Dynamic Non-
monotonic Focus Mechanism), evaluating box quality

incorporates

through the use of an "outlier degree" to prevent exces-
sive penalization by geometric factors, such as distance.
The expression for this loss function is as follows:

HW, ()C—X,)z-i-(y—y,)z
lyisn= 1= —5— + exp( - =)y Q)
%/S_"/ (ng+ Wgz) DN?M

liow Distance attention

where y= p/5a"°, B= 1}/l €[0, ©). WiseloU is com-
prised of three components. The initial part corresponds
to the conventional IoU loss, while the second part in-
volves distance attention and the superscript indicates
that it is detached from the computational graph. The uti-
lization of CloU supports the notion that incorporating
geometric factors, such as distance, is advantageous for
the model’s convergence. Moreover, when there is a sub-
stantial overlap between the predicted and target bound-
ing boxes, the distance attention can mitigate the impact
of gradient updates, guiding the network’s focus toward
predictions of average quality.

The last part is the DNFM, which supplements the
first two parts by introducing a focus mechanism
through the construction of the gradient gain (focusing
coefficient), and is the core component of WiseloU. In
equation (5), [, signifies the exponentially weighted
moving average with a momentum of m, and J, a are hy-
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perparameters. S serves as an "outlier degree" metric
that describes the quality of the prediction boxes, where
a smaller outlier degree suggests a higher-quality predic-
tion box to which a small gradient gain is assigned by
the y function in order to focus the regression on the
normal-quality boxes. Conversely, a larger outlier degree
indicates lower-quality boxes and a relatively smaller
gradient gain is still assigned, effectively preventing
harmful gradients from low-quality samples. This pro-
cess is illustrated in Fig. 6 and it can be observed that
the y function attains its maximum value within the
middle range of the outlier degree. A small outlier de-
gree (high-quality samples) or a large outlier degree
(low-quality samples) results in a decrease in the y func-
tion. This implies that samples of ordinary quality will
experience a more significant increase in gradient gain,
leading to an enhancement in the network’s generaliza-
tion performance. Additionally, the dynamic nature of
[, signifies that the criteria for categorizing anchor box
quality are also dynamic. It allows WiseloU to dynami-
cally allocate gradient gain, adapting to the current con-
ditions for each batch of data, thereby providing greater
flexibility.

14

== s g=24, §=1
—a=19,6=3
—e—a=1556=4

1.0 ——a=14,6=45
0.8
>
0.6
0.4
0.2
0 2 4 6 8 10
Outlier degree

Fig. 6 The curves of the dynamic non-monotonic focusing
mechanism function under various parameter conditions

3 Results

The experimental running environment is the
Ubuntu20.04 system, with a computer equipped with an
Intel 15-6400 CPU and RTX 3090 graphics card, and the
popular pytorch framework is adopted for the deep learn-
ing model. Throughout the experiments, the SGD (Sto-
chastic Gradient Descent) optimizer is utilized to itera-
tively adjust the network weights. The initial learning
rate for network training is established at 0.001, accom-
panied by a learning momentum of 0.9 and a weight de-

cay rate of 0.000 5. The experimental dataset is com-
posed of two components. One part is the dataset for
floating wastes in rivers captured from the perspective
of an unmanned boat, as released by Orcauboat”. This
dataset covers reflections from varying light intensity,
waves and objects along the riverbank as well as obser-
vations of the targets in multiple directions and view-
points, contributing to a wealth of samples and rigorous
experimental designs, shown in Fig. 7. Another part
comprises images obtained from public network down-
loads and on-site mobile phone photography, annotated
using Labellmg. The dataset has a total of 2 500 images,
systematically divided into a training set and a valida-
tion set to fulfill the experimental requirements.

A ; i i

- 5 P 3 o
(a) Interference with the target by the
reflection of trees on the riverbank

7 Y Lt S
(b) Interference with the target
by light reflection

(@ Occluded targets

(c) Target partially submerged
in water

Fig. 7 Examples of different forms of interference

3.1 Ablation Experiment

In this paper, YOLOvV7 is employed as the baseline
and specific improvements are made to overcome its
limitations. These improvements center around the incor-
poration of a new Neck structure, specifically the GFPN,
utilizing multi-layer connections to expand the range of
feature fusion and enhance feature representation. In the
Queen-Fusion of GFPN, the RepC2f is introduced. This
adjustment enables the module to capture more intricate
gradient flow information in a lightweight design.
Within the Queen-Fusion, the DFC attention mechanism
is incorporated to capture long-distance dependency rela-
tionships, thereby better focusing on target features. The
application of the WiseloU loss function in bounding
box regression is explored to enhance detection accu-
racy. To better understand the contributions of different
components in the improved YOLOV7, a series of abla-
tion experiments are conducted. Precision, Recall, mAP
(mean Average Precision), and Elapsed time serve as
evaluation metrics. For ease of illustration, YOLOV7,
WiseloU, GFPN, RepC2f, and DFC are denoted as A, B,
C, D, and E in turn. The outcomes of the ablation experi-
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ments, including the P-R (Precision-Recall) curve pre-
sented in Fig. 8, provide valuable insights into the per-
formance changes across the evaluation metrics for the
improved algorithm.

Figure 8 reveals that the incorporation of WiseloU,
GFPN, RepC2f, and the long-range attention DFC struc-
tures into the model has yielded notable improvements in
several aspects. These include a heightened focus on
small target features, the suppression of information loss
in long-range feature transmission, and the consideration
of the influence of anchors with different qualities. As a
result, there has been a substantial enhancement in fea-
ture engineering. This is further reflected in the metrics
presented in Table 1, where, in most cases, the inclusion
of each structure has resulted in a noticeable enhance-
ment in the model’s performance. In comparison to the
baseline, the mean average precision of the algorithm pro-
posed in this paper has increased by approximately 6.3%.

1.0
0.8 A
- ——A+B
S 06+ —A+B+C
z —— A+B+C+D
£ —— A+B+CH+D+E
04
02F
0 02 04 0.6 0.8 1.0

Recall

Fig. 8 Influence of different modules on P-R curves in
ablation experiments

Table 1 Ablation experiment results

Precision Recall mAP@ mAP@  Elapsed

Algorithm .
/% /% 0.5/% 0.5:0.95/% time/ms
A 84.30 72.15 80.03 37.15 5.60
A+B 83.80  75.50 81.30 37.20 5.61

A+B+C 8591 80.63 85.85 40.95 8.20
A+B+C+D 84.20 83.11 85.20 40.80 6.96
A+B+C+D+E 8592 8343 86.30 41.90 7.31

3.2 Comparison Experiment

To validate the superiority of the proposed algo-
rithm, we conducted comparative experiments involving
five detection algorithms: YOLOX"” from Megvii, TPH-
YOLOV5® with an additional fourth detection layer
based on YOLOVS, YOLOv7, YOLOv7-BiFPN"®" with
Neck replaced by BiFPN and the proposed algorithm,

denoted as F, G, H, 1, and J, respectively. The results are
presented in Table 2, revealing that the mean average
precision of these five algorithms generally exceeds
80% on the dataset. The proposed algorithm attains
86.3%, demonstrating the highest detection accuracy
among the five, thereby validating the effectiveness of
our algorithm. YOLOX exhibits the poorest overall per-
formance, displaying the lowest precision metrics. Addi-
tionally, it incurs the longest processing time, primarily
due to the lack of corresponding improvements in fea-
ture fusion for small targets and the decoupled head that
increases complexity, impeding algorithm speed. TPH-
YOLOVS, lacking enhancements in feature fusion, exhib-
its inadequate capabilities in multi-scale target detection,
resulting in sub-optimal performance. YOLOv7 demon-
strates detection performance similar to TPH-YOLOv5
but with the fastest execution speed, aligning with the
network’s characteristic of being faster and more effi-
cient. This is attributed to the choice of YOLOV7 as the
baseline for improvement in this study. YOLOv7-
BiFPN, replacing YOLOv7’s Neck with BiFPN, effec-
tively fuses features from different levels, providing rich
multi-scale feature representation and resulting in a re-
spectable detection performance of 84.41%. However,
the lack of efficient and gradient-rich C2f and reparam-
eterization operations makes the network inferior to the
performance and speed of the proposed algorithm. The
proposed algorithm demonstrates superior performance,
although with a lower execution speed than YOLOV7.
This indicates that, despite considerations for efficient
deployment and hardware-friendly convolution opera-
tions, such as the C2f, decoupled convolutions in DFC,
and depthwise separable convolutions, the unavoidable
increase in network layers during the improvement pro-
cess leads to a reduction in execution speed. Addition-
ally, the detection performance of YOLOv7, YOLOVS,
SSD, and Fast RCNN networks was compared in Ref. [22],
with detailed results beyond the scope of this paper. In
conclusion, the proposed algorithm strikes a favorable
balance between detection accuracy and speed for the de-

Table 2 Comparison of detection performance

. Precision Recall mAP@ mAP@  Elapsed
Algorithm .

/% 1% 0.5/%  0.5:0.95/% time/ms

F 81.01 7493 79.50 33.81 9.56

G 82.11 7635 8091 36.42 6.25

H 8430  72.15 80.03 37.15 5.60

I 82.15 8191 8441 38.52 8.22

J 8592 8343 86.30 41.90 7.31
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tection of floating wastes in rivers, achieving significant
improvements in both aspects.

3.3 Visualisation of Detection Results

To provide a more intuitive illustration of the pro-
posed algorithm’s detection performance, three images
under different interference scenarios are selected for
evaluation. These scenarios include intense light reflec-
tion, interference from riverbank objects, and interfer-
ence caused by tree reflections along the riverbank. Con-
currently, a comparative analysis is conducted by con-
trasting the results of the proposed algorithm with those
of the baseline, illustrated in Fig. 9. The figure depicts
three typical scenarios of detecting floating wastes under
different interference conditions, presented sequentially

from top to bottom. A careful examination of the images
reveals the enhanced accuracy of the proposed algo-
rithm, particularly in identifying floating wastes under
challenging scenarios. The consistently high detection
confidence levels, surpassing 80%, underscore the reli-
ability of the proposed algorithm. In contrast, the base-
line algorithm demonstrates sub-optimal detection accu-
racy, marked by instances of both false positives and
false negatives. Specifically, under intense light interfer-
ence, the confidence level drops to 78%, false positives
emerge in the presence of riverbank object interference,
and false negatives manifest under interference from tree
reflections along the riverbank. These findings robustly
affirm the superior detection performance of the pro-
posed algorithm.

(a) Ground-truth of three
detected images

(b) Detection results of
YOLOV7 (baseline)

(c) Detection results of
the proposed algorithm

Fig. 9 Detection results in complex scenarios

To assess the effectiveness of the enhanced mod-
ules, specifically the DFC featuring a long-range atten-
tion mechanism, we employed the Grad-CAM visualiza-
tion technique®" to compare the performance differences
in target recognition between the improved algorithm
with DFC and the native YOLOvV7. Grad-CAM technol-
ogy visually represents the network’s focus on the input
image through a heatmap, aiding in the interpretation of
key areas the network prioritizes during target identifica-
tion, as depicted in Fig. 10. The results indicate that the
improved algorithm produces higher heatmaps for target
locations and lower heatmaps for irrelevant environmen-
tal details in non-target regions. This suggests that the at-
tention module can effectively capture information from
long-range spatial contexts, generating attention maps
with a global receptive field. Consequently, the model
concentrates more on the target area, enhancing the accu-

(a) YOLOV7

(b) Ours

Fig. 10 Comparison of the visual heat maps for the detection
of floating wastes in rivers
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racy and reliability of the detection task.

4 Conclusion

This paper provides a comprehensive examination
of the attributes associated with floating wastes in rivers,
encompassing challenges such as diminutive scale, low
pixel count, limited information, and intricate back-
grounds. These challenges frequently contribute to the
inadequate performance of conventional target detection
algorithms, giving rise to instances of both false posi-
tives and negatives. To tackle these challenges, we pro-
pose a detection algorithm founded on YOLOV7, incor-
porating the GFPN-RepC2f and a long-range attention
mechanism. A sequence of experiments is executed, cul-
minating in some findings: (1) The GFPN-RepC2f en-
hances information propagation capabilities, extending
to deeper network layers for improved feature capture.
(2) The DFC mechanism ensures fast execution on stan-
dard hardware, allowing the network to focus more on
feature details and, consequently, further enhancing de-
tection accuracy. Nevertheless, the incorporation of the
attention mechanism unavoidably augments network
layers and inference latency. This trade-off, prioritizing
recognition accuracy over speed, is deemed advanta-
geous for efficient waste cleanup in rivers. (3) This
study provides novel insights and approaches to address
the issues of waste detection, making significant contri-
butions to environmental conservation and ecological
development. Further research and optimization will
focus on expanding the dataset by increasing sample
quantity and incorporating more waste categories, pro-
moting the model * s effective deployment on waste
cleanup machinery.
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