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Abstract: Accurately identifying and locating water-crossing objects is of utmost importance for envi-
ronmental protection. However, traditional detection algorithms often exhibit poor anti-interference
performance and low detection accuracy in complex environments. To address these issues, this paper
proposes a YOLOW algorithm based on a one-stage object detection algorithm for the automatic
identification of water objects. The proposed algorithm incorporates two new modules, namely the
SPDCS module and the SPPAUG module, to improve the model’s performance. Specifically, the
SPDCS module retains all information in the channel dimension, thereby enhancing the model’s
detection accuracy and recognition ability for water-crossing objects. The SPPAUG module performs
multiscale feature fusion, which further improves the model’s detection accuracy and recognition
ability. Moreover, the C2f module is introduced from YOLOv8 to increase the detection speed. Ex-
perimental results on a water-floating object dataset demonstrate that the improved YOLOW model
outperforms the standard YOLOv5s algorithm, especially in water-crossing object detection. This
research has significant implications for environmental monitoring and protection.

Keywords: object detection; water-crossing objects; deep learning; YOLOv5

1. Introduction

Object detection is a pivotal task within the field of computer vision, focusing on
the identification and localization of specific objects in images or videos. Its significance
extends to domains like security and environmental protection [1,2]. With the increasing
attention on water environmental protection, more and more research on object detection
has turned to water-crossing object detection. Floating debris on the water surface is
a serious concern that poses a threat to ecosystems and requires urgent attention. By
accurately identifying and localizing floating objects on the water surface, object detection
establishes a foundation for real-time monitoring and management, thereby fostering the
safeguarding and restoration of the water environment.

In the research on traditional object detection algorithms for detecting water-crossing
objects, the following problems still exist:

As shown in Figure 1a, images are often affected by multiple factors that can negatively
impact object detection. Constantly various lighting conditions can cause objects to exhibit
different features, such as shadows and highlights. Due to occlusion between objects, it
is difficult to distinguish overlapping objects. Differences in object sizes and poses can
further complicate object detection, as objects may appear differently depending on their
orientation and distance from the camera. Figure 1b highlights another common challenge
faced by object detection algorithms: low resolution. In many cases, the areas of the image
that are relevant to object detection may be poorly resolved, making it difficult to identify
objects accurately. Blurring caused by camera shake further reduces the clarity of the image
and makes it harder to detect objects. Figure 1c illustrates the impact of water ripples and
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reflections on object detection accuracy. These factors can introduce significant noise into
the image, making it harder to distinguish between objects and their surroundings.

Figure 1. Challenges in detecting water-crossing objects.

Radar [3,4] and infrared [5] detection are commonly used techniques for detecting
objects related to water. Compared with RGB imaging, these methods have limitations.
Radar detection relies on reflected echo signals, while infrared detection relies on the
thermal radiation emitted by objects. Both technologies lack the ability to provide visual
information, such as the shape and color of objects. In addition, radar and infrared detection
may not provide high-resolution images and may be challenged to distinguish different
types of objects in water. Environmental factors such as weather conditions and water
turbulence can also affect their accuracy. Another limitation of these technologies is the
high equipment cost compared with conventional RGB cameras.

Since the introduction of the AlexNet [6] model, CNNs (convolutional neural net-
works) have shown remarkable performance in various computer vision tasks. In image
classification, several famous CNN models have emerged, such as AlexNet, VGGNet [7],
and ResNet [8]. In terms of object detection, a series of excellent models have been devel-
oped, including R-CNN series [9–14], YOLO series [15–24], SSD [25], EfficientDet [26], and
FCOS [27,28]. These algorithms have advantages such as automatic learning, good feature
representation, and high-precision detection.

However, existing object detection algorithms are not effective in extracting features
relevant to water-crossing environments and detecting objects in low-resolution or blurry
areas. To address these challenges, a new algorithm called YOLOW is proposed in this paper.
YOLOW builds upon YOLOv5 by introducing an SPDCS (Space-to-Depth-Conv-Se) module,
proposing an SPPAUG module based on the YOLOv5 SPPF module, and introducing a C2f
module from YOLOv8. The contributions of this paper can be summarized as follows:

1. A new module called SPDCS has been designed based on the existing SPD (Space-to-
Depth) module. Compared with the SPD module, the SPDCS module downsamples
the original features and performs convolution and attention operations on the orig-
inal features to further obtain more channel count features. In this way, a balance
is achieved between obtaining new features and preserving initial features, thus
improving data analysis and processing capabilities. Compared with the original
Yolov5 algorithm, using this innovative module can achieve five times the number
of channels. By using the SPDCS module, YOLOW can extract more information
features from low-resolution and blurry images in water-crossing environments. The
advantage of this module is that it can retain original features and extract new features,
thereby obtaining richer information. In this way, we can more accurately classify and
identify objects, thereby improving data processing and analysis capabilities.

2. The SPPAUG module is an improvement on the SPPF module. The SPPF module is
a spatial pyramid pooling module which can pool features at different scales, thus
improving the expression ability of the model. SPPAUG has added more convo-
lutional layers and a staggered network structure on top of the SPPF module. By
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connecting features across multiple dimensions, more diverse features can be ex-
tracted. Compared with the original SPPF module, the SPPAUG module can more
comprehensively capture information features in images, thereby improving the clas-
sification and recognition capabilities of the model. By adding the SPPAUG module,
we can enable the model to better adapt to different scenarios and tasks, thereby
improving its robustness and generalization ability.

3. In order to obtain more gradient flow information, this paper introduces the C2f
module in YOLOv8. The function of this module is to enhance gradient flow by
combining additional convolutional layers and pooling operations. By doing so, the
C2f module enables the model to capture finer-grained details and better distinguish
similar features. By integrating C2f modules, YOLOW can obtain more comprehensive
and detailed information.

By introducing new modules and expanding existing ones, we have significantly
enhanced the feature extraction ability of neural networks. These modules enable the model
to capture more diverse and informative features, thereby improving the performance of
various data analysis and processing tasks. Especially in complex water environments,
our model can effectively handle objects of different scales and solve the challenge of
object detection. Compared with traditional detection algorithms, our method provides a
promising solution for accurate detection and recognition in aquatic scenes. Our method
demonstrates the potential for improving the performance and reliability of object detection
systems in water-crossing applications.

The remainder of this paper is organized as follows. In Section 2, we provide a brief
introduction of relevant background knowledge. Section 3 describes the detailed pipeline
of the proposed YOLOW method. The validity and superiority of the proposed method
are demonstrated through extensive experiments and analysis in Section 4. Finally, we
summarize the work presented in this paper in Section 5.

2. Related Work
2.1. Real-Time Object Detectors

The emergence of the convolutional neural network (CNN) has brought revolutionary
changes to the field of object detection. In object detection tasks, CNN models are usually
divided into two types: one-stage and two-stage. The one-stage detector directly detects
locations with dense sampling, skipping the region recommendation step. This method
typically uses a single network to predict the location and category of an object. The
two-stage detector first provides rough region suggestions and then uses a head network to
refine them to obtain the accurate position and category of the object. This method typically
involves two stages of operation, namely generating region suggestions and classifying
and regressing region suggestions.

Generally speaking, a one-stage object detection model uses a CNN-based backbone
network to extract image features and uses detection heads to predict the category and
bounding box of each object. In addition, in order to detect objects of different sizes,
additional layers will be added to combine features of multiple scales, thereby generating
feature representations with rich semantics. Currently, real-time object detectors based on
YOLO and FCOS are in a leading position, including models such as YOLOv5, YOLOv7 [23],
and YOLOv8 [24].

Typically, a two-stage object detector consists of two main steps: generating candidate
regions and classifying and refining bounding boxes. In the first stage, effective techniques
such as selective search, R-CNN series, or edge boxes are used to generate candidate regions.
These candidate regions typically have multiple scales and aspect ratios to represent areas
where objects may appear.

Usually, a one-stage detector is faster than a two-stage detector. These one-stage
detector models need to have faster and stronger network architecture, more effective
feature integration [29–35], more accurate detection methods [27,28,36], more robust loss
function [37–42], more effective tag allocation methods [43–47], and more effective training
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strategies to become the most advanced real-time object detectors. Therefore, a one-stage
detector is more suitable for real-time object detection.

YOLOv5 is an object detection algorithm based on deep learning, whose core idea is
to divide the entire image into several grid units, each of which is responsible for detect-
ing the presence of objects and predicting information such as object position, category,
and confidence. Compared with previous versions, YOLOv5 further improves detection
performance and speed by improving network structure and training strategies.

YOLOv5 uses CSPDarknet as the backbone network. It is a lightweight and efficient
network structure that can extract high-level semantic information from images. YOLOv5
also uses specific anchor boxes to improve detection accuracy. These anchor boxes are
predefined rectangular boxes with different sizes and aspect ratios, which are used to detect
objects of different sizes and shapes.

In addition, YOLOv5 also adopts various techniques for enhancing feature representa-
tion, such as adaptive convolution and multiscale training strategies. Adaptive convolution
is a technique that can automatically adjust the size of convolution kernels, enabling the
extraction of finer features on objects of different scales. The multiscale training strategy is
to train on images at different scales, making the network have better scale invariance and
generalization ability.

YOLOv5 has achieved remarkable results in various application domains, including
object detection, pedestrian detection, and vehicle detection. It possesses low computational
complexity and high real-time performance, with great potential for practical applications.

This paper proposes a water-crossing environment object detection algorithm called
YOLOW based on the YOLOv5 algorithm. It combines the special object morphology and
lighting conditions of the water-crossing environment, as well as the specific features of
related objects, further improving detection performance compared with YOLOv5.

2.2. Multiscale Object Detection

Multiscale object detection poses a significant challenge, as it requires detecting ob-
jects of various sizes. Two common approaches for addressing this challenge are image
pyramids [48] and FPNs (Feature Pyramid Networks) [49].

The former adjusts the input image to multiple scales through image pyramids and
train a separate detector for each scale. However, constructing and processing image
pyramids requires additional computational resources, and the features of each scale are
processed independently, which may lead to insufficient information dissemination.

To address these issues, the SNIP [50] algorithm has been proposed. SNIP selectively
performs backpropagation based on the object size in each detector, reducing training time
and improving efficiency. This selective backpropagation method can reduce unnecessary
calculations while improving the accuracy of the model. In addition, in order to further
improve efficiency, the SNIPER [51] algorithm was proposed, which further improves the
efficiency of SNIP by processing the contextual area around each object instance instead of
every pixel in the image pyramid.

On the other hand, FPN (Feature Pyramid Network) utilizes the inherent multiscale
features in convolutional layers and combines them through horizontal connections in a
top-down structure. This enables FPN to better preserve and utilize fine-grained details
from lower-level features. The core idea of FPN is to combine lower-level detail features
with higher-level semantic features through top-down paths and horizontal connections.
This method can promote cross-scale feature propagation and integration of contextual
information, thereby improving the accuracy of object detection. FPN combines horizontal
connectivity and upsampling operations to fuse features of different scales together, gener-
ating feature maps with different scale information, thereby helping detection algorithms
better adapt to objects of different scales.

In order to enhance the information flow in FPNs, the PANet and BiFPN algorithms
were introduced. They utilize shorter paths to improve the exchange of feature information,
thereby enhancing the multiscale representation ability of features and the transmission
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ability of semantic information. In addition, the SAN (Scale Aggregation Network) algo-
rithm maps multiscale features to the scale-invariant subspace, enhancing the robustness
of the detector to scale changes, and thus mapping features of different scales to the same
space, further improving the generalization ability and robustness of the model.

In contrast, image pyramids require additional computational resources and indepen-
dently process features at each scale, which may limit the dissemination and utilization of
information. FPN retains fine-grained details of lower-level features, promotes cross-scale
feature propagation, and integrates contextual information through horizontal connections.

SPD [52] is a multiscale object detection method different from image pyramids and
FPNs. It eliminates nonstep convolution and nonmaximum pooling operations, thereby pre-
serving the original features. These methods have demonstrated significant improvements
in multiscale object detection performance in various real-world applications.

On this basis, this paper proposes an improved SPDCS module that introduces con-
volutional attention operation on the basis of SPD, while processing the original image to
further preserve the original features. Compared with SPD, SPDCS can retain more channel
count features, thereby improving the multiscale representation ability of features and the
transmission ability of semantic information.

2.3. Attention Mechanism

The attention mechanism is a widely used technique in machine learning and deep
learning that has gained significant attention in recent years. It assigns different weights
or levels of attention to different parts of the input data, enabling the model to selectively
focus on information relevant to the current task. In contrast to traditional neural networks,
which treat each input feature equally regardless of its importance to the task, the attention
mechanism can adaptively allocate attention based on the different features of the data.
By learning the weights, the attention mechanism can prioritize features that are more
important to the task, thereby improving the model’s performance.

One common form of attention mechanism is self-attention, also known as multihead
attention. Self-attention can establish relationships between different positions in the
input sequence and dynamically adjust weights based on input relevance. This approach
has been widely applied in natural language processing tasks and has shown significant
improvements in performance.

Notably, SEs (Squeeze-and-Excitation Networks) [53] and the CBAM (Convolutional
Block Attention Module) [54] are two attention modules that have achieved remarkable
success in computer vision tasks. SE can adaptively adjust the channel weights of convolu-
tional features to pay attention to local features, while CBAM combines spatial attention
and channel attention to more effectively capture local structural information of images.

Moreover, the Transformer [55] structure, which utilizes self-attention mechanisms,
has revolutionized natural language processing and has been increasingly applied to object
detection tasks. Its success has further highlighted the importance of attention mechanisms
in improving the performance of deep learning models.

The proposed SPDCS module in this paper leverages the SE (Squeeze-and-Excitation)
attention mechanism to extract crucial original features more effectively. In contrast to
using standalone SPD modules, the integration of SE attention within the SPD process
yields superior results.

3. Proposed Method

In this section, we first overview the design of YOLOW (see Figure 2). The module
highlighted in the red box is proposed in this paper to effectively preserve more original
features, leading to significant improvements in detection performance. Then, we describe
details within an SPDCS block (see Figure 3), an SPPAUG block (see Figure 4), and a C2f
block (see Figure 5).
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Figure 2. Architecture of YOLOW.

Figure 3. Architecture of SPDCS when scale = 2. (a) original features. (b) the process we do on
the features.
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Figure 4. Architecture of SPPAUG.

Figure 5. Architecture of the C2f block.

3.1. SPDCS

In object detection, preserving important information in feature maps is crucial for
the accuracy of the model. This paper expands on the SPD (Space-to-Depth) module and
creates the SPDCS (Space-to-Depth-Conv-Se) module. Operations such as step convolution
and pooling may result in the loss of important details, so the SPD module avoids step
convolution and pooling by using downsampling, thereby preserving the original features
to a greater extent. On the basis of SPD, the SPDCS module further adds convolutional
operations and attention mechanisms to process the original image, greatly preserving key
information in the channel dimension, which helps to prevent the loss of basic information.
In this paper, we use SPDCS blocks in the backbone and header to preserve the original fea-
tures and further improve the representation ability of features and the transmission ability
of semantic information through convolutional operations and attention mechanisms.

The Conv-Se module, as described in the literature, can be expressed as follows:

SE(Conv(X)) = σ(FC( fgap(Conv(X)))) · Conv(X) (1)

Conv(X) = W ∗ X + b (2)

In these formulations, the input feature map is denoted as X. The Conv(X) operation
represents the convolution operation on the input feature map using weight parameters
W and a bias term b. fgap (Global average pooling) calculates the average value of each
channel in the feature map X, yielding a compressed global feature representation, and FC
(fully connected layer) performs a linear transformation on the global feature representation.
σ (sigmoid activation function) maps the output of the fully connected layer to the range
[0, 1], producing channel-wise attention weights.
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For any intermediate feature map X of size S× S× C1, the subfeature map sequence
can be sliced as follows [52]:

fx,y = X[x : S : scale, y : S : scale], x, y ∈ [0, scale) (3)

To explain the process in more detail, given any feature map X, the submap fx,y
is formed by selecting all entries X(i, j), where i + x and j + y are divisible by the scale
factor. This results in each the submap being downsampled from X by the scale factor.
Simultaneously, X is convolved and refined through an attention mechanism to obtain a
more enhanced feature with dimensions of S

2 ×
S
2 × C1. Figure 3b presents an example with

scale = 2, where five subgraphs are obtained, namely f0,0, f1,0, f0,1, f1,1, and Conv− Se,
and X is downsampled by a factor of 2.

Next, these subfeature maps ( f0,0, f1,0, f0,1, f1,1) and conv-se are concatenated along
the channel dimension to obtain the feature map X

′
, which has reduced spatial dimen-

sions by the scale factor and increased channel dimensions by scale2. In other words, the
SPDCS layer transforms the feature map X(S, S, C1) into the intermediate feature map
X
′
(

S
scale , S

scale ,
(
scale2 + 1

)
C1

)
. This approach effectively preserves critical information and

can improve the accuracy of object detection models.

3.2. SPPAUG

In order to retain and utilize more original features, this paper creates the SPPAUG
module as an extension of the SPPF module. The objective is to enhance the performance
and efficiency of object detection algorithms while preserving the fast detection speed
characteristic of the YOLO series. By striking a balance between speed and performance, the
SPPAUG module improves the accuracy of object detection algorithms while maintaining
their efficiency.

The module operates multiple convolutional kernels and max-pooling layers with a
size of 5× 5 in a serial manner (see Figure 4), which is equivalent to a max-pooling operation
with a larger size, such as 9× 9 or 13× 13. This process leads to the extraction of more
original features. Furthermore, the SPPFAUG module introduces spatial pyramid pooling
and cross-stage feature fusion to further enhance the feature representation, resulting in
improved detection accuracy and robustness.

In summary, the SPPAUG module is designed to balance speed and performance,
and its implementation leads to an improvement in the efficiency and accuracy of object
detection algorithms. We employ the SPPAUG block in the 13th layer in the backbone.

3.3. C2f

The C2f module is designed by drawing inspiration from both the C3 module and the
ELAN architecture, aiming to provide richer gradient flow information while maintaining a
lightweight design. Similar to the C3 module, the C2f module uses factorized convolutions
to reduce computational complexity. However, instead of using channel-wise convolutions
like C3, the C2f module factorizes the spatial and channel dimensions separately to further
reduce the number of parameters.

Furthermore, as shown in Figure 5, the C2f module incorporates the ELAN design
philosophy of utilizing multiple levels of feature maps to improve network performance.
Specifically, it includes a feature fusion operation that aggregates feature maps from dif-
ferent levels with different scales to enhance the feature representation capability. This
helps the network to capture both low-level and high-level features, making it more robust
and effective for various object detection tasks. Overall, the C2f module strikes a balance
between efficiency and effectiveness by leveraging the best practices from both C3 and
ELAN architectures in a manner suitable for scientific writing. We employ C2f blocks in
the backbone and heads. The illustration of the C2f block was inspired by [51].
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4. Experimental Results and Analysis

Extensive experiments were conducted on the FLOW dataset [56] to demon-
-strate the effectiveness and superiority of the proposed improved YOLOv5 algorithm.
Sections 4.1 and 4.2, respectively, introduce the dataset used in our experiments and the
principle of the evaluation metrics. Section 4.3 presents the compared detectors, experi-
mental details, and parameter settings. Model analysis and ablation analysis are performed
in Section 4.4. The experimental hardware environment consisted of a Xeon(R) Platinum
8255C 12-core CPU, 2.50 GHz, and 40 GB RAM, NVIDIA GEFORCE RTX 3080 GPU, and
the operating system was Linux. The experiments were implemented using Python 3.8.10,
Conda 4.10.3, and Pytorch 1.9.0.

4.1. Experimental Dataset

The dataset for this paper is the FLOW dataset, which is a publicly available dataset
provided by Ouke Intelligence, which consists of two subdatasets: FLOW-Img and FLOW-
Radar-Img (FLOW-RI), the latter being a multimodal subdataset. FLOW-Img contains
2000 images with 5271 annotated objects, with small objects accounting for more than
half of them. The dataset was collected under different lighting and wave conditions,
observing the objects from different directions and angles. It is specifically designed
for waterborne object detection, suitable for complex inland water scenes such as lakes,
rivers, and reservoirs. The dataset has the following characteristics: The images in the
dataset were taken from different angles, making it have a certain degree of view difference.
Additionally, the image scenes in the dataset are diverse, such as different weather, time,
and environments, which provide various data samples.

4.2. Experimental Indicators

In this paper, four widely used evaluation metrics in the field of computer vision
are applied to quantitatively analyze the detection performance of the proposed YOLOv5
improved algorithm. The analysis is conducted from an academic perspective.

4.2.1. Precesion

Precision is a widely used evaluation metric in the field of computer vision, especially
in object detection tasks. It measures the accuracy of positive predictions made by the
model, that is, the proportion of true positive predictions among all positive predictions.
Precision can be expressed by Equation (4). In other words, precision reflects the model’s
ability to avoid false positives. Precision can be calculated as the ratio of true positive
predictions to the sum of true positive and false positive predictions. A higher precision
value indicates a lower false positive rate, which means the model is better at correctly
identifying positive samples.

4.2.2. Recall

Recall, also known as sensitivity, is a measure of the ability of a model to correctly
identify all positive samples. It is defined as the ratio of true positive samples to the total
number of actual positive samples. Recall can be expressed by Equation (5). A higher recall
indicates that the model is able to detect a higher proportion of positive samples, which is
desirable in tasks where missing positive samples is more costly than false alarms.

Precision =
TP

TP + FP
(4)

Recall =
TP

TP + FN
(5)

Among them, true positive (TP) represents the number of samples that the model
correctly predicts as positive, while false positive (FP) represents the number of samples
that the model incorrectly predicts as positive.
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4.2.3. Average Precision

The average precision (AP) is a widely used evaluation metric in object detection,
which measures the area under the precision–recall curve. The precision–recall curve is
created by varying the confidence threshold of the model’s predictions and calculating
precision and recall at each threshold. AP takes into account the precision at all recall levels
and is more informative than only reporting precision or recall at a single threshold. AP
ranges from 0 to 1, with higher values indicating better detection performance.

4.2.4. Frames Per Second

Frames Per Second (FPS) is a metric used to measure the speed of object detection
algorithms. Specifically, it refers to the number of frames or images that a detector can
process in one second. A higher FPS indicates that the detector is able to process more
images in a shorter amount of time and is therefore more efficient. In real-time applications,
a high FPS is important to ensure that the detector can keep up with the speed of the input
video stream.

4.3. Experiment Details and Settings

To ensure fairness, all training results are the average of 20 training runs. The reliability
of the model is verified by randomly selecting images from the dataset for validation.

4.3.1. Comparison Algorithms and Parameter Settings

To validate the effectiveness of the improved YOLOv5 algorithm, we conducted a
comparative study with the original algorithm. We kept the detector settings consistent and
adjusted the platform-related parameters to ensure fairness. Through these measures, we
can eliminate the influence between different algorithms and platforms and more accurately
compare the performance differences between the improved algorithm and the original
algorithm.

4.3.2. Parameter Settings of YOLOv5

In YOLOv5, the stochastic gradient descent (SGD) optimizer and the early stop strat-
egy are employed, of which the learning rate and momentum are set to 0.01 and 0.937,
respectively. In the training phase of YOLOv5, 60% of the raw images are captured as the
training set and 40% as the validation set. The epoch and batch size of the network are set
to 300 and 20, respectively.

We conducted various experiments to analyze the effectiveness of the proposed and
introduced modules in YOLOW. After conducting experiments on the Flow dataset, we
obtained the model configurations and evaluation metrics shown in Table 1.

Table 1. Comparison of Object Detectors on Flow Dataset.

Model #Param. Size C2f SPD SPDCS SPPAUG P R mAPval
0.5 mAPval

0.75 mAPval
0.5:0.95 FPS

1 7.2M 640 × × × × 81.8% 73.4% 78.7% 27.2% 36.0% 106.4
2 8.5M 640 X × × × 83.5% 74.0% 79.1% 28.9% 36.8% 126.6
3 8.8M 640 × X × × 84.9% 74.3% 80.4% 29.2% 37.3% 101.6
4 13.2M 640 × × X × 85.7% 74.1% 81.6% 31.0% 38.1% 82.7
5 13.7M 640 × × × X 84.5% 72.9% 79.3% 27.4% 36.6% 105.3
6 14.9M 640 X × × X 85.6% 72.6% 79.6% 29.4% 37.0% 111.1
7 11.0M 640 X X × × 82.9% 75.4% 81.0% 29.2% 37.7% 120.5
8 14.4M 640 X × X × 84.4% 76.6% 81.9% 30.5% 38.7% 90.6
9 15.2M 640 × X × X 82.9% 74.7% 81.1% 30.3% 38.2% 106.4

10 19.6M 640 × × X X 83.8% 75.6% 81.8% 32.0% 38.8% 85.6
11 16.4M 640 X X × X 85.5% 73.9% 81.4% 30.6% 38.1% 107.6

YOLOW 20.9M 640 X × X X 87.0% 75.1% 82.1% 30.7% 38.3% 93.2
Improve +13.7M 640 X × X X +0.52 +0.17 +0.34 +0.35 +0.23 −13.2
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Table 1 shows that the simplest Model-1 without the C2f, SPD, SPPFAUG, and SPDCS
modules have the lowest performance. Model-2, adding the C2f module, achieves better
performance compared with Model-1, demonstrating the effectiveness of the C2f mod-
ule. Similarly, Models 3 to 5, solely utilizing the SPD, SPDCS, and SPPAUG modules,
achieve better performance compared with Model-1, respectively, which demonstrates the
effectiveness of these modules.

Furthermore, Model-5, adding the SPDCS module, achieves better performance than
Model-4, demonstrating the superiority of the SPDCS module. Models 6 to 9 were trained
by combining two modules to further demonstrate the improved performance obtained
by combining modules compared with using a single module. Finally, our proposed
method using a combination of the C2f, SPD, and SPPAUG modules outperformed the
other models using different combinations of these three modules (Model-10). Although
the YOLOW algorithm proposed in this paper has some shortcomings compared with the
basic YOLOv5s algorithm in terms of detection speed, it can still meet the requirements of
real-time detection and has a significant improvement in accuracy compared with YOLOv5.

Table 2 showcases the current state-of-the-art one-stage object detection algorithms,
YOLOv5s, YOLOv6s, YOLOv7-tiny, and YOLOv8s, as well as our proposed YOLOW
algorithm. The performance analysis confirms the effectiveness and accuracy of YOLOW,
further validating its superiority.

In recent years, real-time object detection has gained significant attention, leading to
advancements in one-stage detection algorithms. YOLOv5s, an earlier version of the YOLO
series, is renowned for its fast detection speed and satisfactory performance. YOLOv6s
and YOLOv7-tiny have introduced improvements to enhance detection accuracy while
maintaining efficiency. The latest version, YOLOv8s, incorporates advanced techniques for
achieving even higher accuracy.

Table 2. Comparison of object detectors on Flow dataset.

Model #Param. Size P R mAPval
0.5 mAPval

0.75 mAPval
0.5:0.95 FPS

YOLOv5s 7.2M 640 81.8% 73.4% 78.7% 27.2% 36.0% 106.4
YOLOv6s 17.2M 640 76.5% 62.5% 76.5% 22.9% 34.9% 106.1

YOLOv7-tiny 6.0M 640 81.3% 66.9% 73.6% 23.1% 32.6% 113.9
YOLOv8s 11.2M 640 83.9% 74.2% 81.3% 33.7% 39.9% 106.4
YOLOW 20.9M 640 87.0% 75.1% 82.1% 30.7% 38.3% 93.2

In comparison, our proposed YOLOW algorithm demonstrates superior performance.
It employs innovative approaches to address challenges in water-crossing environments, in-
cluding reflection, occlusion, and distortion. By incorporating additional feature extraction
techniques and optimization methods, YOLOW outperforms the baseline YOLO models in
terms of detection accuracy and robustness.

4.4. Visual Evaluation of Experimental Results

Figures 6–8 demonstrate that our proposed YOLOW algorithm outperforms YOLOv5s
in detecting objects in water-crossing environments. Compared with YOLOW, YOLOv5s
exhibits some missed detections in Figure 6a,b and some false detections in Figure 6c,d,
highlighting the higher accuracy of YOLOW. Underwater environments pose significant
challenges for object detection, as objects may be subject to reflections, occlusions, and
distortions that alter their shape and color, making detection more difficult. To overcome
these challenges, our YOLOW algorithm employs advanced feature extraction techniques
and optimization methods to enhance detection accuracy and robustness. Through com-
parison experiments with YOLOv5s, we demonstrate that our algorithm achieves superior
detection performance in water-crossing environments, which is of practical significance
for underwater robotics and object detection applications.
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Figure 6. The detection results of YOLO v5, YOLO v8 and YOLOW on the existing data set FLOW.
Sample (a–d) are four different experiments.

Figure 7. Use YOLO v5, YOLO v8 and YOLOW to collect the detection results on related pictures
collected on the Internet respectively. Sample (a–c) are single object samples, and (d) is multiply
objects sample.

Figure 8. Use YOLO v5, YOLO v8 and YOLOW to detect the results of real-time images collected by
drones. Sample (a–d) are four different experiments.



Appl. Sci. 2023, 13, 8890 13 of 15

5. Conclusions

To address the problems of weak anti-interference ability, difficulty in recognizing
small objects, and inability to handle complex environments in traditional water-crossing
object detection, an improved water-crossing object detection algorithm based on YOLOv5
is proposed. By introducing three modules into the network model, the algorithm greatly
reduces the probability of missed detection while improving detection accuracy, and it
also has a “correcting“ mechanism. Experimental results show that the proposed method
improves precision, recall, and average precision by 6.4%, 2.3%, and 4.3%, respectively.
This method can handle water-crossing objects of different scales, solving the problem of
object recognition in complex water environments. Although the improved model meets
high precision requirements, its size is larger than the original YOLOv5 model. The next
step is to develop a lightweight model based on this improved model for optimization.
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