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ABSTRACT: Accurate waterline detection is critical for automated ship draft monitoring but remains challenging
due to weak textures, low contrast, and dynamic maritime interferences. This paper presents TGNet, a task-guided
framework that jointly optimizes character recognition and waterline keypoint localization. TGNet introduces a triple
attention network (TAnet) with channel, spatial, and texture attention modules to enhance discriminative feature
extraction. Crucially, a task-to-task guidance mechanism leverages detected draft characters to spatially constrain and
crop feature maps, focusing the keypoint detection head on the most relevant waterline region. Extensive experiments
on three large-scale aerial datasets show that TAnet consistently improves baseline detectors by an average of 2.8%
recall and 3.6% mean average precision (mAP). On our self-built UAV ship draft dataset, TGNet achieves 92.3% recall
and 93.8% mAP7s at 56 FPS, outperforming state-of-the-art keypoint and segmentation methods while maintaining
real-time efficiency. The proposed approach demonstrates a robust and efficient solution for practical autonomous
draft reading.

KEYWORDS: Ship draft measurement; waterline keypoint detection; task-guided deep learning; triple attention mech-
anism; UAV-based maritime vision; real-time ship monitoring

1 Introduction

With the rapid advancement of digital image processing technology, computer vision-based ship water-
line detection methods have emerged as a crucial research direction in the field of ship automated inspection.
From theoretical groundwork to technological breakthroughs, this domain has undergone a comprehensive
evolutionary process.

In the theoretical foundation phase, Schmidt [1] conducted pioneering research on the linearized wake
of two-dimensional shallow-draft ships. The explicit expressions for wake amplitude and phase derived in
their work provided a critical theoretical basis for subsequent waterline analysis and calculations. However,
significant gaps in accuracy, robustness, and computational efficiency between early theoretical research and
practical applications have driven continuous exploration of new technical approaches.

Current research status indicates that existing methods still confront three core challenges: insufficient
robustness under complex wave interference and variable lighting conditions, difficulty balancing high accu-
racy with real-time performance, and limited precision in handling deformed or occluded scale characters.
These bottlenecks have spurred the development of new solutions.
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From the perspective of task characteristics, waterline detection and character recognition are closely
interrelated sub-tasks that possess a natural foundation for collaboration. Waterline localization relies on
character markers as spatial reference benchmarks, while the distinct features of character regions provide
structural information support for waterline detection.

From the perspective of feature representation, the relatively simple structure of waterlines allows the
application of methods such as edge detection, instance segmentation, and keypoint detection. Existing
segmentation-based methods often fail under challenging maritime conditions. For instance, under low-
contrast lighting or strong wave reflections, segmentation networks tend to misclassify water surface ripples
as waterline boundaries, producing fragmented or biased predictions. Edge detection methods, while com-
putationally efficient, are sensitive to noise and hull texture variations, frequently generating spurious edges
that obscure the true waterline location. In contrast, keypoint detection offers a more robust alternative by
leveraging geometric priors and sparse spatial constraints [2].

Although instance segmentation is one of the commonly used methods for waterline detection in water
level images, it still faces significant challenges when applied under complex environmental conditions such
as glare, contamination, or occlusion. In contrast, the geometric prior information provided by keypoints can
effectively overcome the limitations of pixel-level methods in scenarios with blurred boundaries or occlu-
sions, and this characteristic has been fully validated in fields such as medical imaging and autonomous
driving. However, simply combining keypoint detection with segmentation methods, while improving accu-
racy, inevitably increases model complexity, hindering practical deployment. Meanwhile, the dual attention
mechanism integrating channel attention and spatial attention [3] has demonstrated excellent performance
in enhancing relevant features and suppressing noise interference. Nevertheless, its application in UAV-
based waterline detection scenarios requires lightweight structural redesign to satisfy onboard real-time
inference requirements.

Based on the above in-depth analysis, this study proposes an innovative waterline recognition scheme
that combines keypoint detection with a lightweight multi-attention mechanism. The scheme aims to estab-
lish a guided task interaction mechanism, leveraging the discriminative features of character recognition to
optimize waterline localization. This study makes three key innovations in ship waterline detection:

«  First, to meet the core needs of accurate draft mark localization and waterline positioning in intelligent
draft detection, we propose an innovative task-guidance approach. A unified model is constructed to
simultaneously handle draft character recognition and waterline detection. Using a shared backbone
for feature extraction, we crop feature maps of identified draft character regions and further detect
waterline keypoints via a lightweight feature fusion module, significantly enhancing local waterline
localization accuracy.

«  Second, to extract waterline keypoint features more precisely, we upgrade the dual attention network to
a triple attention network by adding a texture attention module. Meanwhile, we compress the module
structure from five to three levels, reducing parameters while maintaining efficiency. Experiments show
this lightweight design preserves keypoint detection accuracy and greatly improves inference speed.

«  Third, we propose a comprehensive ship draft detection solution: waterline keypoints are used for curve
fitting, combined with a curve model built from the center points of draft characters’ lower boundaries.
The intersection of the two curves is the actual waterline position, enabling intelligent calculation of ship
draft. Tests on a self-built UAV draft dataset verify that this method achieves real-time, high-precision
draft measurement.
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The remainder of this paper is organized as follows. Section 2 reviews related work on waterline detec-
tion. Section 3 presents the proposed TGNet in detail. Section 4 describes the experimental setup and reports
comprehensive results. Section 5 concludes the paper.

2 Related Work

To provide a comprehensive overview of prior research, this section reviews existing waterline detection
methods. The technological evolution can be divided into three main stages.

The first stage was characterized by traditional image processing methods. Tsujii et al. [4] developed
an automatic draft reading system based on morphological operations and Canny edge detection, achiev-
ing centimeter-level accuracy in controlled environments. Simultaneously, Liu et al. [5] enhanced detection
accuracy to +3 cm by fusing visible and infrared image information, significantly improving system relia-
bility under low-visibility conditions. Ding et al. [6] demonstrated the potential of synthetic aperture radar
data in waterline extraction, yet the stringent requirements of single-polarization methods for high land-sea
contrast and the limitations of dual-polarization methods in intertidal zone water detection highlighted the
application bottlenecks of remote sensing technology.

The second stage was driven by the rise of deep learning. Zheng et al. [7] proposed a difference-focusing
fusion decision method, an ensemble learning framework, to improve deep learning segmentation for water-
line extraction in synthetic aperture radar imagery. Zhang et al. [8] proposed a dual-branch convolutional
neural network architecture incorporating an attention mechanism, achieving 96.7% accuracy through joint
load line recognition and draft calculation. Chen et al. [9] developed a multi-scale convolutional neural net-
work(CNN) that achieved 98.2% accuracy while substantially improving detection efficiency. Liu et al. [10]
innovatively reformulated waterline detection as a classification task, each contributing to the field from
distinct perspectives.

The third stage exhibits a trend of multi-technology integration and collaborative innovation. Zhou
et al. [11] proposed BGTracker, which introduces a cross-task bidirectional guidance strategy to align detec-
tion and re-identification features for multi-object tracking. Zhu et al. [12] presented FTMNet, which employs
a fusion-driven task mutual-guidance framework to jointly enhance image quality and classification accuracy
for few-shot hyperspectral image classification. However, the direct transplantation of the Mask region-
based CNN(R-CNN) method applied by von Braun et al. [13] in canoe sprint waterline detection to ship
draft reading still faces substantial challenges. Wang et al. [14] proposed SDRNet, a multi-task network com-
bining keypoint detection, semantic segmentation, and text recognition for draft reading. Zhang et al. [15]
introduced MFFKD, a keypoint detection network that directly localizes waterline keypoints via multi-scale
feature fusion, achieving faster inference than segmentation-based approaches.

Beyond single-task methods, the multi-task collaboration mechanism has formed a comprehensive sys-
tem in the field of computer vision. From early works such as joint detection-embedding [16], joint detection
and tracking [17], and multi-object tracking [18], which achieved detection-tracking collaboration through
shared feature extraction networks, to multi-task learning with attention [19] and Cross-Stitch [20].

Notably, recent research on task collaboration has shown a trend of deepening from architectural shar-
ing to semantic fusion. In detection-segmentation collaboration, the work of [21] exemplifies this paradigm
shift by deeply integrating open-vocabulary detection and referring segmentation within a unified archi-
tecture, thereby facilitating cross-scene feature adaptation. Xu et al. [22] proposed H2FA R-CNN, which
addresses cross-domain weakly supervised object detection through holistic and hierarchical feature align-
ment. Additionally, the “decoupling-collaboration” paradigm [23], proposed to address multi-task conflicts
by explicitly modeling inter-task logical dependencies, provides a new approach for task collaboration in
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complex scenarios. Xu et al. [24] proposed a multi-task learning framework tailored for inland waterways,
enabling simultaneous ship detection and waterline segmentation. In 2024, Fang et al. [25] introduced the
detection-segmentation network based on an improved YOLOv4 and DeepLab architecture, achieving sub-
centimeter (<1 cm) detection accuracy. Zhang et al. [26] fused near-infrared and RGB image features using
a dual-stream network, attaining recognition accuracy of 99.3% and a measurement accuracy of +0.01 m.
A joint semantic segmentation and edge detection approach was employed by Steccanella et al. [27] to
effectively mitigate water surface reflection interference. These technological breakthroughs provide critical
support for intelligent shipping systems and automated port management.

Unlike conventional multi-task learning approaches that share features passively, our task guidance
mechanism actively transfers character-derived spatial priors to constrain the waterline search region. Com-
pared with ROI-based detection, our feature-level cropping preserves contextual information essential for
keypoint regression. These design choices collectively distinguish our method from existing paradigms.

Based on the above review, existing methods still have several limitations. First, most approaches treat
character recognition and waterline detection as independent or loosely coupled tasks, lacking explicit
task-to-task guidance. Second, existing attention mechanisms do not specifically address the weak-texture
nature of waterlines in complex maritime environments. Third, many high-accuracy methods sacrifice
real-time performance, limiting their deployability on UAV platforms. It is worth distinguishing our task-
guidance mechanism from seemingly similar paradigms. First, compared with standard ROI-based detection
(e.g., Faster R-CNN), our approach operates at the feature-map level with adaptive boundary adjustments
(Algorithm 2) rather than resizing cropped image patches. This preserves spatial continuity and resolution,
which is critical for accurate keypoint regression. Second, unlike conventional multi-task learning (MTL)
that passively shares features via soft parameter constraints (e.g., MTAN, Cross-Stitch), our framework estab-
lishes a causal dependency where character detection actively determines the waterline’s search region via
explicit feature cropping. This goes beyond “cooperative” learning and implements a “guiding” mechanism
tailored for weak-texture targets. Third, while two-stage keypoint detectors rely on generic region proposals,
our guidance is driven by semantic understanding (recognizing the lowest draft character), incorporating
high-level knowledge about the spatial relationship between characters and the waterline. These distinctions
highlight the novelty of our approach as a new causal task-routing paradigm. These observations motivate
the proposed approach presented in the next section.

3 Proposed Approach
3.1 Draft Survey Methodology

The water gauge calculation scheme comprises three phases. In the detection phase, the system extracts
all gauge character sets S. = {(C;, x;, y;)} and waterline key point sets S, = {(x;, y;)}. In the modeling
phase, to convert these discrete point sets into continuous geometric representations, we employ least-
squares polynomial fitting. Specifically, the waterline curve is modeled as x = f;(y), where f; is a k-th order
polynomial (typically k = 2 for slight hull curvature or k =1 for linear approximation) that minimizes the
squared error ¥ ;[x; — fi(y;)]* over the detected keypoints S,. For the gauge modeling, the vertical align-
ment of the character centers is represented by y = f>(x), defined analogously as a polynomial fitted to
{(xi, y:)} from S.. The relationship between the horizontal coordinate and the actual draft value is estab-
lished by C = f3(x), which is implemented via linear interpolation between consecutive detected characters:
for x € [x, xi11], f3(x) = Ci + (Ci1 = C;) 2. In the evaluation phase, the system solves for the intersec-
tion point (x*, y*) satisfying x* = fi(y*) and y* = f,(x*), then computes the final water level reading as

* = f3(x*). For detailed pseudocode, refer to Algorithm 1.
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Algorithm 1: Water gauge calculation

Require: Input image I, pre-trained detection model M (character + keypoint)
Ensure: Final water level reading ¢* ¢ R
1: function WATERGAUGECALCULATION(])
2: Phase 1: Detection
S« o
Sy« @
Run M on I to obtain S, and S,,
Phase 2: Geometric Modeling
fily) =argmingep, ¥ (s, yes, (%7 = F(7)))?
falx) = argmingep, ¥y, 0 (yi = f(xi))?
f3(x) = linear interpolation of {(x;, C;)}
10: Phase 3: Reading Evaluation
11: (x*, y*) such that x* = fi(y*) and y* = fo(x")
12: c* = f3(x*)
13: return c*
14: end function

On the methodological level, this research systematically innovates across three key areas: a triple
attention mechanism, an inter-task guidance architecture, and a joint training strategy. First, by construct-
ing a triple attention network integrating channel, spatial, and texture information, the model significantly
enhances its perception of waterline texture features. Second, a task-guided mechanism based on feature
cropping is designed, where character detection results direct waterline keypoint localization, enabling
cross-task knowledge transfer. Finally, a two-stage joint training strategy is adopted, which maintains the
feature extraction capability of the backbone network while separately optimizing the character recognition
and waterline detection branches. These three core components mutually reinforce each other, collectively
forming an efficient and accurate water level detection solution.

3.2 Triple Attention Network

In this section, we provide a detailed description of the architecture of triple attention network (TAnet),
designed for enhancing texture in water gauge images. As shown in Fig. 1, TAnet consists of three stages, each
incorporating a triple attention block (TAB). Compared to the previous dual attention network (DAnet) [3],
a texture attention module(TAM) has been introduced, enabling the three attention modules to effectively
integrate channel, spatial, and texture information simultaneously. A reconstruction process is employed to
extract more water surface texture features from the observed water gauge images. Additionally, the number
of stages has been reduced from five to three, thereby decreasing the model size.
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Figure 1: Overview of TAnet.
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The detailed channel configuration of TAnet is as follows: Stage 1 transforms the input from C to 64
channels via a 3 x 3 convolution, followed by two TABs with 64 channels each. Stage 2 reduces spatial reso-
lution by half via 3 x 3 convolution and applies two TABs with 128 channels. Stage 3 repeats this pattern with
256 channels and a single TAB. All TABs maintain a bottleneck ratio of 4 in the channel attention branch,
and the TAM’s dilated convolution uses a kernel size of 3 x 3 with dilation rate r = 2. This three-stage design
reduces parameters by 40% compared to the five-stage DAnet baseline.

The TAB is a lightweight feature extraction module and consists of three main components: the position
attention module(PAM), the channel attention module(CAM), and the texture attention module, as illus-
trated in Fig. 2. The PAM calculates the similarity between any two spatial positions on the feature map to
generate a position attention map. This map is then used to weight and aggregate spatial features, thereby
emphasizing semantically important regions. The CAM computes inter-channel correlations to produce a
channel attention map, which enhances discriminative channel-wise features via weighted aggregation. The
TAM adopts a dual-branch architecture to effectively extract and integrate texture-related features.

gﬂ»ﬁ

Conv Conv

Figure 2: Overview of TAB.

In the TAM, the main branch conducts basic feature extraction through a sequence of 3 x 3 convolu-
tion, batch normalization, and rectified linear unit activation(ReLU), maintaining an output dimension of
(B, Cour> H, W). Simultaneously, the texture branch utilizes a 3 x 3 dilated convolution with a dilation rate
of 2, followed by batch normalization and ReLU, to capture broader contextual texture information, pro-
ducing features with dimension (B, C,,;, H, W). During the feature fusion stage, the outputs of the two
branches are first concatenated along the channel dimension, expanding the channel count to 2 x C,,,;. This
is subsequently processed by a 1 x 1 convolution, batch normalization, and ReLU to compress the chan-
nel dimension back to (B, C,,s, H, W). When the input and output channel dimensions are inconsistent, a
conditional 1 x 1 convolutional shortcut connection is employed to ensure compatibility, and the result is
added element-wise to the output of the main branch. The final output feature map retains the dimension
(B, Cour> H, W). This design significantly enhances the texture feature extraction capability through a ded-
icated texture branch while preserving the advantages of the original residual structure. The architecture of
our TAM is illustrated in Fig. 3.

The feature representations enriched by the TAnet, particularly the texture details, establish a robust
foundation for the subsequent inter-task guidance. The following subsection elaborates on how these
enhanced features are leveraged to guide the waterline detection task using information from charac-
ter recognition.
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Figure 3: Overview of TAM.

Fig. 4 shows the overall workflow. The shared backbone with TAnet extracts features for both char-
acter detection and keypoint detection. Character detection results (bounding boxes) are used as spatial
priors to guide feature cropping, and the cropped features are then fed into the keypoint head for accurate

waterline localization.
Input Image I
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Figure 4: High-level architecture of TGNet. The character detection head provides spatial priors to guide feature
cropping, which supplies focused features to the keypoint head for waterline localization.

3.3 Task-to-Task Guidance

To elucidate the inter-task guidance mechanism, we have developed a novel model based on the
empirically validated and reliable YOLOVS architecture. This design builds upon the broad academic con-
sensus regarding YOLOvV8’s community support, computational efficiency, and technical reliability, thereby
ensuring the robustness of our research baseline.

As illustrated in Fig. 5, the overall architecture comprises three core components: a shared backbone
network, a multi-scale feature fusion module, and dual detection heads dedicated to character recognition
and waterline keypoint detection, respectively. The right branch of the architecture corresponds to the char-
acter detection module, which consists of a three-layer feature fusion structure and its specialized detection
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head. This branch preserves the original YOLOVS structure without modifications, treating both gauge char-
acters and the waterline as feature categories. The left branch is specifically designed for waterline keypoint
detection, employing a two-layer feature integration module coupled with a keypoint detection head. The two
dashed lines connecting the left and right branches indicate that the character position information obtained
from the right branch detection is utilized to guide the feature map cropping operation in the left branch.
The cropped feature map is reduced to half of its original dimensions while maintaining the same number
of channels. This design effectively preserves detailed features in local waterline regions, thereby enhancing
keypoint detection accuracy. Through this two-layer feature fusion structure, task guidance from character
detection to waterline keypoint detection is achieved, significantly improving the overall performance of
waterline detection.

Input
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Figure 5: Task guidance network (TGNet) based on YOLOVS.

We designate this waterline detection method based on the YOLO task guidance mechanism as the task
guidance network (TGNet). In TGNet, the guidance from the right branch to the left branch requires feature
cropping, while simultaneously recording the cropping position to facilitate subsequent coordinate mapping
of keypoints to the original image. The specific algorithm workflow is detailed in Algorithm 2. The algorithm
accepts two inputs: first, a set of k detected character bounding boxes (B), where each bounding box is repre-
sented by a quadruple (x;, y;, w;, h;) with (x;, y;) denoting the top-left coordinates and w;, h; representing
width and height, respectively; second, the feature map F to be cropped, with dimensions (W, H, C) corre-
sponding to width, height, and number of channels. The algorithm outputs include a cropped feature map
F with spatial dimensions reduced to (| W/2|,| H/2]) while maintaining the original channel count, along
with the top-left coordinates (xo, yo) of the cropped region.

The core algorithm workflow proceeds as follows: First, the top-left vertical coordinates of all charac-
ters are extracted from the character bounding box set, and the target character A corresponding to the
maximum y-value is selected (this strategy is based on the prior knowledge that the bottom-most character
has the closest spatial proximity to the waterline, thus maximizing coverage of the critical waterline region).
Next, the center coordinates (cy, cy) of character A are calculated and rounded to the nearest integer to
ensure pixel-level alignment with the feature map. The target cropping size is then set to half of the origi-
nal feature map dimensions (using floor division to guarantee integer dimensions), and the initial cropping
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region’s top-left and bottom-right coordinates are computed based on character As center. To address poten-
tial boundary overflow of the initial cropping region, a bidirectional adjustment strategy is implemented:
horizontal left-boundary overflow triggers rightward shifting, right-boundary overflow triggers leftward
shifting, with analogous adjustments in the vertical direction, ensuring the cropped region remains entirely
within the valid feature map area. Finally, the adjusted cropped feature map and its positional information
are output. By concentrating on feature preservation within critical waterline regions, this algorithm not only
enhances feature discriminability but also maintains compatibility with subsequent detection processes, all
while simultaneously meeting the system’s real-time performance requirements.

Algorithm 2: Task-guided feature cropping

Require:
L B = {(xi, yiswis hi) V-
2: F e RWXHxC,
Ensure:
3: Fe RWHXC W = |W/2|, H, = |H/2), (x0, ¥0)
4: function TASKGUIDEDCROP([3, F)

5: A < argmax(y, . n)es(y + h)

6: Aicy < [xa+wa/2],c) < |ya+ha/2]
7: W, < |W/2|,H, < |H/2|

8: Xs < Cx — [ W /2], xe < cx + | W, /2]
9: Ys < ¢y —|Hc/2], ye < ¢, + |H/2]

10: Adjust boundaries to stay within [0, W] x [0, H]:
11: if x; < 0 then

12: Xe < Xe — X5, Xs < 0

13: else if x, > W then

14: Xs < Xs— (xe = W), x, « W
15: end if

16: if y; < 0 then

17: Ye< Ye— Vs ¥s < 0

18: elseif y, > H then

19: ys< ¥s—(ye—H),ye < H
20: end if

2L (~x0>}’0) < (%6 75)

22: F < F[xo:x0+ W, yo:yo0+H,, :]
23: return (F, xo, yo)

24: end function

The waterline extraction process proceeds as follows: first, the character detection head locates the
lowest visible draft character and its bounding box; then, Algorithm 2 crops the feature map around this
character’s spatial position to obtain a focused region; after which, the keypoint detection head regresses
waterline keypoints from this cropped feature map; subsequently, curve fitting reconstructs the waterline
boundary; finally, the computed reading is derived by intersecting the fitted waterline with the draft-scale
model following Algorithm 1.

3.4 Model Training and Detection

The training and parameter update strategy for the proposed model consists of two core stages. The first
stage focuses on training the character recognition Backbone, treating the waterline as a special character
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(Class 12°). Specifically, the YOLOVS architecture is used as the base model, with its Backbone serving as
a shared feature extractor. The Neck and detection Head are modified so that the final classification output
dimension is set to 12, corresponding to the 11 gauge characters (0...9 and ‘n7’) plus an additional special
class representing the waterline. Draft figure markings shall be concentrated and appear only within the local
area adjacent to the waterline, rather than being fully annotated along the entire length of the draft scale
from bottom to top. This method ensures clarity and aligns with standard ship draft marking conventions,
as illustrated in Fig. 6 for marking keypoints. In our experiment, to facilitate subsequent polynomial curve
fitting, we annotated 16 keypoints along each waterline.

Figure 6: Examples of characters and waterline markings.

In terms of data preparation, the annotation of the training dataset is crucial: each waterline region
in the image is no longer labeled as a line, but rather as a special bounding box with a unique waterline
character label, while all digits and the ‘m’ character are annotated normally. Specifically, paired characters
refer to the digits (0-9) that are spatially adjacent on the draft scale and jointly encode continuous depth
values; they are annotated individually but logically paired during final reading computation. The special
symbol includes both the unit marker ‘M’ and the waterline class 12°—the latter being a novel design that
treats the waterline as a character class, thereby unifying detection without a separate segmentation branch.
The objective of this stage is to enable the model to accurately localize and recognize all gauge characters as
well as the waterline region. By explicitly defining the waterline as a character, the loss function assigns equal
importance to waterline features and digit characters. This forces the backbone to actively extract and retain
key visual characteristics of the waterline—such as its horizontal edge features and spatial relationship with
the digits—effectively preventing the waterline features from being ignored or overshadowed.

During this stage, we update all model weights—including the Backbone, Neck, and Head—via back-
propagation. The loss function used is the standard YOLO multi-task loss, comprising classification loss,
bounding box regression loss, and confidence loss.

The second stage focuses on training the waterline keypoint detection branch, during which the weights
of the backbone trained in the first stage are frozen. The network structure is modified as follows: the pre-
trained Backbone weights, which have learned to extract rich features of both characters and the waterline,
are retained but frozen. The original Neck and Head for object detection are disabled. A new, parallel task-
specific Neck and Head are added for waterline keypoint detection. This branch can be connected to one
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or multiple feature maps from the Neck and may consist of a small convolutional network that ultimately
outputs either a heatmap of the waterline keypoints or directly regresses their coordinates.

The sole objective of this stage is to train the newly added waterline keypoint detection branch. The
model leverages the well-learned shared features from the first stage to accurately predict the location of the
waterline. Feature maps from the backbone are sliced and fed into the dedicated branch Neck. The parameter
update strategy is clear: all frozen Backbone parameters do not undergo gradient computation or weight
updates, ensuring that the valuable features learned in the first stage remain intact. Only the weights of the
new waterline keypoint detection branch are trained and updated via backpropagation based on the keypoint
detection loss.

During testing, the model performs water level recognition efficiently in a forward inference manner.
The input image first passes through the shared backbone for feature extraction and character detection. The
character detection branch outputs all recognized gauge characters along with their locations. The system
then intelligently selects the center point of the lowest character as a key reference. A small local feature map-
containing crucial contextual information where the waterline is likely present-is precisely cropped from
the backbones output feature maps. This cropped feature patch is directly fed into the dedicated waterline
detection branch for refined processing. The core task of this branch is to regress the precise coordinates of
the waterline keypoints based on these focused features.

Our key innovation lies in integrating gauge character detection and waterline keypoint detection within
a unified model framework, achieving task synergy through a dual-branch architecture. While performing
its own task, the character detection branch effectively acts as an attention guidance mechanism for the other
branch, enabling it to quickly focus on the image region where the waterline is most likely to appear. This
design cleverly leverages prior knowledge of character spatial distribution, not only significantly improving
the localization accuracy of waterline detection and avoiding computational waste from full-image search,
but also greatly reducing the overall inference time and computational complexity of the dual-task detection
system-achieving a dual optimization of both accuracy and efficiency.

3.5 Unified Pipeline Formulation

The overall TGNet pipeline, illustrated in Fig. 4, comprises a sequence of five learnable mappings that
transform the input image I into the final water-level reading c¢*. Formally, this process is expressed as:

F=F(1;0,)
{(Ci’bi)} :Dchar(F;ec)
F=G(F, {b;}) 1)

{Pi} = D (F; 6x)
¢ =H{(Cibi)} {pj})

Here, F denotes the shared backbone enhanced with TAnet (parameterized by 0;), which extracts
multi-scale feature maps F from the input. The character detection head Dp,, (With parameters 6.) then
predicts all visible draft characters C; and their bounding boxes b;. Using the spatial priors from these detec-
tions, the task-guided cropping operation G (detailed in Algorithm 2) selectively extracts a region F of the
feature map that is most likely to contain the waterline, effectively focusing subsequent computations. The
keypoint detection head Dy, (parameterized by 0;) regresses the waterline keypoints p; from this cropped
feature. Finally, the post-processing function # (Algorithm 1) computes the intersection between the fitted
waterline and the draft-scale model to produce the final reading c*.
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The entire model is trained either end-to-end or in two stages, with the total loss Lo, defined in Eq. (2)
in the Experimental Setup section. This unified formulation clearly separates the roles of feature extraction,
task-specific detection, spatial guidance, and geometric reasoning, providing a concise mathematical basis
for the proposed TGNet framework.

4 Dataset

This study employed three datasets for validation: two public datasets were used to examine the role
of TAnet in object detection, and one self-constructed dataset was utilized to verify the feasibility of the
proposed task-guided learning method.

4.1 Public Datasets

Three publicly available datasets are used: DOTA [28], VisDrone [29],and AU-AIR [30]. DOTA contains
409,471 instances across 15 categories, with diverse object scales and orientations. VisDrone provides 10,209
images and 2.6 million bounding boxes for 10 object classes (e.g., pedestrians, vehicles), captured from UAV's
in urban scenes. AU-AIR is a multi-modal dataset with over 32,000 annotated boxes for 8 categories, suitable
for dynamic outdoor object detection.

4.2 Self-Constructed USWGD Dataset

We also build the Unmanned Aerial Vehicle Ship Water Gauge Dataset (USWGD) for draft measure-
ment. Images were captured using a DJI Mavic Air2 drone at a distance of 20-40 m from ships and an altitude
of 5-20 m above water, with a resolution of 1920 x 1080 pixels. A total of 1435 video clips yield approximately
15,000 extracted frames.

Annotation combines manual and automated procedures to ensure accuracy. The dataset covers 11 cate-
gories (digits 0-9, ‘M, and a special waterline class ‘12°), with 225,485 odd characters, 91,528 even characters,
and additional waterline annotations. All labels are cross-validated. To avoid overfitting and enable rigorous
evaluation, we randomly split the data into training, validation, and test sets in a 5:2:3 ratio, and all reported
results are from the test set.

5 Experiments and Results

This section presents comprehensive experiments conducted on the aforementioned datasets from a
UAV perspective to validate the effectiveness of the proposed method. We first describe the experimental
setup, including implementation details and evaluation metrics. Ablation studies are then carried out to ver-
ify the feasibility of individual modules. Finally, by comparing the proposed task-guided model with existing
state-of-the-art approaches, the advantages and innovations of our method are further demonstrated.

5.1 Experimental Setup

We conducted all experiments on a Windows 10 system using PyTorch, with an Intel(i7) 3.60 GHz CPU
and an NVIDIA RTX4070 GPU (12 GB VRAM). During training, Mosaic and Mixup data augmentation
were applied, with special care to preserve waterline edge integrity. The model was trained for 200 epochs
with a batch size of 16 using an SGD optimizer (initial learning rate 0.001, momentum 0.9, weight decay
0.0005) and a cosine annealing scheduler.

The training loss follows the standard YOLO multi-task formulation, comprising three components:
classification loss (£.;;), bounding box regression loss (L, ), and distribution focal loss (L;;). In the stan-
dard YOLOv8 implementation, L;,, is specifically realized as an IoU-based loss (Complete IoU, CloU),
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which accounts for overlap area, center distance, and aspect ratio. The total loss is a weighted sum:
Liotar = AetsLets + Apox Lpox + /\dfl'cdfla (2)

where the coefficients follow the default YOLOVS configuration.

To complement the existing detection metrics, this work additionally employs a keypoint-specific eval-
uation approach that quantifies localization accuracy through pixel-level distance errors between predicted
and annotated ground truth points. The object keypoint similarity (OKS) is computed using the formula [31]:

Yilexp(=di/2s’x}) - 8(vi > 0)]
Xi[6(vi>0)]

where d; denotes the Euclidean distance between the predicted and ground truth coordinates of the i-th
keypoint, s represents the object scale (calculated as the square root of the bounding box area of the waterline
detection), x; is a decay constant for the i-th keypoint derived from dataset statistics to reflect annotation
difficulty, v; indicates the visibility label of the keypoint, and ¢ is a judgment function. The OKS ranges from 0
to 1, with higher values indicating more accurate predictions. In keypoint detection tasks, we use OKS as the
criterion for determining whether a detection result is considered positive: when OKS > T (a set threshold),
it is regarded as a positive sample, based on which the average precision (AP) under the corresponding
threshold can be calculated. By integrating AP values across multiple thresholds, the mAP is obtained. The
mAP;75 reported in our experiments corresponds to the AP value when the OKS threshold is set to T = 0.75.

OKS =

©)

The main hyperparameters are summarized in Table 1.

Table 1: Key hyperparameters used in training.

Parameter Value
Optimizer SGD
Initial learning rate 0.001
Learning rate scheduler Cosine annealing
Momentum 0.9
Weight decay 0.0005
Batch size 16
Epochs 200
Data augmentation Mosaic, Mixup

Based on the above experimental setup, we conduct a task-guided task experiment to systematically
validate the feasibility and effectiveness of the joint learning framework, in which a YOLO-based character
detection task guides keypoint detection, using the Ship-D dataset. Through comparison with the stepwise
keypoint detection approach of YOLOv8n-Pose, the performance of the models is evaluated from multi-
ple dimensions, including precision (P), recall (R), mAP, parameter count (Params), and inference speed,
etc. Furthermore, ablation studies on the TAnet module are conducted to further analyze its impact on fea-
ture extraction and detection performance across different architectures. Experimental results demonstrate
that the proposed guiding mechanism significantly enhances the accuracy and efficiency of ship draft mark
keypoint detection while maintaining a low parameter count.
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5.2 Comparative Experiments

Based on comprehensive experimental results across five mainstream detection models (YOLOvSn,
YOLOVI2n [32], Transformer [33], FCOS [34], and CenterNet++ [35]) on the DOTA, VisDrone, and AU-AIR
datasets, our proposed TAnet module demonstrates significant performance improvements when integrated
into various backbone networks.

Table 2 shows the experimental results. Our proposed TAnet module consistently enhances detection
performance across all five models and three datasets. Compared to baseline models, TAnet achieves average
improvements of 2.8% in recall and 3.6% in mean average precision (mAP), while maintaining comparable
computational efficiency with only marginal variations in frames per second (FPS). Notably, TAnet outper-
forms both the original DAnet and baseline models in most evaluation scenarios, delivering an average mAP
gain of 0.3% across all tested configurations. Particularly impressive is the performance on the VisDrone
dataset, where TAnet integrated with YOLOv8n achieves a 4.4% mAP improvement over the baseline (from
42.1% to 46.5%) while simultaneously increasing FPS from 34.0 to 39.1. Similarly, on the DOTA dataset,
YOLOvV8n with TAnet shows a 3.4% mAP gain. For the Transformer architecture, TAnet delivers substantial
recall improvements on DOTA.

Table 2: Performance comparison of various detection models with and without the TAnet module on DOTA,
VisDrone and AU-AIR.

DOTA VisD AU-AIR
Method Backbone 0 1s’rone U
R% mAP% FPS R% mAP% FPS R% mAP% FPS
Yolov8n C2f 73.2 75.1 375 443 42.1 34.0 449 45.1 46.2
C2f+DAnet 73.5 78.2 36.4 45.6 46.2 36.2 451 45.7 44.4
C2f+TAnet 74.1 78.5 373 45.6 46.5 391 45.6 46.4 443
Transformer CNN 74.2 72.1 1.2 521 48.3 273 455 45.7 23.2

CNN+DAnet 75.6 751 13.8 53.8 49.6 28.1 458 45.9 23.0
CNN+TAnet 77.8 75.6 13.5 542 49.6 232 46.0 46.2 23.3

FCOS RESnet101 63.2 62.3 183 364 35.4 335 382 38.0 30.2
RESnetl01+DAnet 65.2 63.8 19.3 375 36.7 345 38.0 38.7 31.0
RESnetl01+TAnet 65.8 64.1 204 388 36.7 352 383 39.0 29.9

CenterNet++ HG-104 64.3 68.2 19.3 312 33.4 321 305 30.7 28.6
HG-104+DAnet  66.0 69.1 203 324 36.4 342 309 311 284
HG-104+TAnet  66.1 68.9 201 333 36.8 353 316 32.1 28.2

Yolovl2n C3k2 73.3 75.2 374 444 422 339 451 45.2 46.1
C3k2+DAnet 73.6 78.3 36.3 45.7 46.3 361 45.2 45.8 443
C3k2+TAnet 74.2 78.8 374 457 46.7 391 457 46.6 444

Notably, all improvements in this paper are developed based on the YOLOV8 architecture. Due to the
high structural similarity among YOLO series models, our proposed method can be conveniently transferred
to other YOLO variants. Experimental results show that although YOLOvV12n integrated with TAnet achieves
marginally better performance on some metrics, these improvements are modest and inconsistent across dif-
ferent datasets. Considering YOLOV8’s competitiveness as a baseline architecture, its widespread adoption
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in the academic community, and its strong reproducibility, we ultimately select YOLOv8n as the founda-
tion for subsequent experiments and the development of our Task Guidance Network (TGNet). This choice
helps ensure that our contributions are built upon a reliable and widely recognized benchmark, facilitating
fair comparisons with existing methods. The comprehensive experimental results above fully validate the
effectiveness and generalization capability of the TAnet module in enhancing object detection performance
across different architectures and application scenarios.

This ablation study validates the effectiveness of the proposed TAnet module on the Ship-D test set.
As shown in the Table 3, the incorporation of TAnet improves precision across most character categories
in all four detection models-YOLOV8n, Transformer, FCOS, and CenterNet++-demonstrating the module’s
strong generalization and effectiveness. Particularly notable is its performance on the critical waterline target
“12”: TAnet increases the precision of “12” in YOLOv8n from 92.8% to 94.0%, significantly outperforming
both the baseline and DAnet variants, while achieving top or competitive results across the other models.
These results fully indicate that the TAnet module specifically enhances the perception of key features in ship
waterlines, substantially improving the accuracy and reliability of draft mark recognition.

Table 3: The P comparison of 13 characters (0-10, M, 12) with/without TAnet on Ship-D test set.

Method Backbone 0 1 2 3 4 5 6 7 8 9 M 12

Yolov8n Caf 88.0 891 919 881 92.0 839 908 839 921 836 898 928
C2f+DAnet 891 915 92.0 882 930 859 916 849 939 858 910 937
C2f+TAnet 854 92.0 924 883 931 854 917 854 937 857 912 94.0

Transformer CNN 882 891 907 881 916 852 888 83.0 911 828 90.7 912
CNN+DAnet 88.8 898 910 886 921 861 890 830 920 831 910 913
CNN+TAnet 891 898 913 888 918 86.0 894 834 919 831 913 915

FCOS RESnet101 853 83.0 855 820 8.4 819 832 791 856 801 882 841
RESnetl01+DAnet 854 827 86.0 83.0 859 824 839 797 860 814 88.0 858
RESnetl01+TAnet 857 83.8 864 831 857 828 838 799 862 8lL6 879 86.0

CenterNet++ HG-104 844 813 811 798 839 79.0 826 798 8L2 813 827 833
HG-104+DAnet 844 817 814 80.0 836 791 828 802 818 812 829 844
HG-104+TAnet 85.0 819 816 801 834 792 830 803 824 820 829 842

To verify the role of the proposed TAnet in texture feature extraction, we incorporated the DAnet mod-
ule and TAnet module, respectively, into the feature extraction components of four target detection models
(YOLOVS, Transformer, FCOS, and CenterNet++). We then conducted visual analysis on the feature maps
output at this stage and generated corresponding heatmaps (as shown in Fig. 7). The results indicate that the
second column presents the original heatmaps without any additional modules, while the third and fourth
columns display the results after introducing DAnet and TAnet, respectively. It can be clearly observed that
after integrating TAnet, the contour details of character and waterline regions in the heatmaps are more abun-
dant, with significantly enhanced texture responses. This demonstrates that TAnet can effectively improve the
texture feature responses of character and waterline regions, highlight key texture structures, and simultane-
ously suppress unnecessary background information. This mechanism enhances the discriminative ability
of features, enabling fine structures such as watermarks to be more clearly preserved in the feature maps.
Consequently, it provides more distinguishable feature representations for subsequent detection tasks.

The waterline, as a typical weak-texture and low-contrast target, often suffers from its meaningful signals
being overwhelmed by complex background interference such as waves, watermarks, and hull rust in global
feature representations. To address this issue, we introduce two complementary strategies. On one hand, the
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TAnet branch serves as a feature detail enhancer by explicitly learning an attention map that significantly
enhances the texture characteristics in the waterline region while suppressing local background distractions.
On the other hand, the task-guided mechanism leverages character detection results to crop a focused feature
patch around the waterline area, further reducing interference from irrelevant regions.
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Figure 7: There are two sub-figures, Left and Right, illustrating the visualization results of two distinct sample images.
In each sub-figure, each row corresponds to a network (YOLOVS, Transformer, FCOS, and CenterNet++), while each
column from left to right sequentially corresponds to the original input, the feature map of the baseline model, the
feature map of baseline+DAnet, and the feature map of baseline+TAnet, respectively.

Fig. 8 presents visualization examples of feature maps under three complex scenarios (from top to bot-
tom: dark watermark scenes, heavy fog backgrounds, and night scenes). The model shown in Fig. 5 was
applied for testing. In each row of the comparison, the second column displays feature maps without the
TAnet, while the third column shows the corresponding results with the TAnet incorporated. With the addi-
tion of the TAnet, waterline feature details become more prominent, clearly demonstrating the significant
optimization effect of TAnet on feature extraction in complex scenarios.

To further validate the superiority of our proposed TAnet, we compare it against several representative
lightweight attention mechanisms: SE(Squeeze-and-Excitation) [36], CBAM (Convolutional Block Atten-
tion Module) [37], ECA(Efficient Channel Attention) [38], and CoordAttention (CA) [39]. All modules are
integrated into the same YOLOv8n backbone and trained under identical settings on the Ship-D test set. As
shown in Table 4, TAnet achieves the highest mAP75 of 93.8%, outperforming the second-best method(ECA)
by 1.4%. Notably, SE introduces only 0.5% additional parameters [36], while ECA adds merely 80 parameters
and 4.7 x 10~* GFLOPs against ResNet50. Although TAnet introduces slightly more overhead (4.6M param-
eters) compared to these lightweight modules, it delivers the best performance by effectively integrating
channel, spatial, and texture attention, which is crucial for weak-texture waterline detection.
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Figure 8: Visualization examples of feature maps under three complex scenarios (top to bottom: scene with dark water-
marks, heavy fog background, and night scene). In each row, the second column presents feature maps without the
TAnet layer incorporated, while the third column shows those with the corresponding TAnet layer. This comparison
intuitively illustrates the optimization effect of TAnet on feature extraction in complex scenarios.

Table 4: Comparison of different attention modules on the Ship-D test set.

Attention Module P/% R/% mAP75/% Params (M)
Baseline 88.2 86.7 87.9 33
+SE 90.5 88.6 90.1 3.4
+CBAM 91.2 89.4 91.0 3.5
+ECA 92.0 90.1 92.4 34
+CA 91.5 89.8 91.7 34
+DAnet 91.8 90.2 91.4 4.3
+TAnet (Ours) 94.0 92.3 93.8 4.6

5.3 Task-Guided Task Experiment

To isolate the contribution of each component and ensure fair evaluation, we construct three controlled
baselines: (1) Full Image, where the keypoint detection branch processes the entire feature map without crop-
ping; (2) ROI, which crops the feature map using the bounding box of the lowest detected character (instead
of our adaptive region); and (3) Guide (w/o TAnet), which retains the task guidance mechanism but removes
the TAnet module. All baselines share the same backbone, training epochs, and data augmentation as TGNet.

As shown in Table 5, Full Image achieves the lowest performance (87.9% mAP75), confirming that
direct keypoint regression on the full feature map is suboptimal for waterline localization. The ROI baseline
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improves mAP;5 to 89.5%, indicating that character-based spatial cropping provides useful prior informa-
tion. TGNet surpasses ROI by 4.3%, demonstrating that our adaptive feature-level cropping preserves richer
contextual information than simple box-based cropping. Guide (w/o TAnet) further improves mAP75 to
91.4%, validating the effectiveness of the task guidance mechanism itself. The addition of TAnet boosts per-
formance to 93.8%, confirming that texture attention and task guidance work synergistically to enhance
waterline feature extraction.

Table 5: Performance comparison on the Ship-D test set (mean =+ std over 5 runs).

Method Backbone P/% R/% mAP75/% Params (M) FLOPs(G) FPS
YOLOv8n-pose (Full Image) C2f 88.2+06 86.7+0.7 879+0.5 3.3 8.7 76
YOLOv8n-pose+ROI Caf 901+05 883+06 895+0.4 3.4 8.9 71
YOLOv8n-pose+Guide (w/o TAnet) Caf 918+ 04 902+05 91.4+04 4.3 10.2 62
TGNet C2f+TAnet 94.0+03 923+04 93.8+0.3 4.6 11.5 56

To comprehensively evaluate model efficiency, we report FLOPs and inference latency alongside param-
eter count and FPS. FLOPs are measured using the thop library at 640 x 640 input resolution, and latency is
averaged over 1000 forward passes on the RTX4070 GPU. Compared to the baseline YOLOv8n-pose, TGNet
introduces a 39% parameter increase (3.3M to 4.6M) and a 26% FPS reduction (76 to 56), yet maintains
real-time performance for UAV deployment. These results demonstrate that TGNet’s superiority stems from
the collaborative effect of task-guided spatial constraint and texture-enhanced feature learning, rather than
from feature cropping alone.

We further compare our method with four mainstream models (YOLOVS, Transformer, FCOS,
and CenterNet++). Fig. 9 presents two representative cases, each with five subfigures corresponding to
our method and the four baselines—showing waterline contours obtained from keypoint detection and
curve fitting. Our method consistently outperforms all baselines, which exhibit various defects such as
shadow misclassification, positional deviation, or missing keypoints, while ours achieves superior accuracy
and robustness.

Figure 9: Comparison of waterline detection results for different models. The leftmost image of the subgraph displays
the keypoint detection method proposed in this study, while the last four images show the results of the applied detection
models YOLOvS8n, Transformer, FCOS, and CenterNet++.

To systematically validate each component, we conduct ablation studies on the Ship-D test set. All
experiments share identical training settings for fair comparison.
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As shown in Table 6, the Full Image baseline achieves 87.9% mAP;s. ROI cropping improves it to 89.5%,
while our adaptive cropping further boosts to 91.4%, confirming the importance of preserving contextual
information. Using ground-truth character boxes instead of predicted ones yields only 0.6% higher mAPs,
demonstrating robustness to detection errors. The two-stage training outperforms end-to-end training by
1.4%, validating our training strategy. Regarding crop size, the half-size feature map achieves the best per-
formance, while further reduction causes a slight drop. For attention components, removing TAM causes
the largest degradation (from 93.8% to 92.1%), confirming texture attention as the most critical module for
waterline feature enhancement.

Table 6: Ablation studies on the Ship-D test set (mean =+ std over 5 runs).

Experiment Setting P/% R/% mAP-5/%
Full Image No cropping 88.2+0.6 86.7 £ 0.7 879 £ 0.5
ROI Character box cropping 90.1+ 0.5 88.3+0.6 89.5+04
Guide (w/o TAnet) Adaptive cropping 91.8 £ 0.4 90.2+0.5 914+ 0.4
Guide+GT Ground-truth boxes 922+04 90.6 £ 0.5 92.0 £ 0.4
Guide+Pred Predicted boxes 91.8 + 0.4 90.2+0.5 914+ 04
E2E End-to-end training 927+ 0.5 90.8 + 0.6 924 +04
Two-stage Two-stage training 94.0+ 0.3 923+ 0.4 93.8+0.3
1x Full feature map 88.2+0.6 86.7 £ 0.7 879+ 0.5

1/2x Half feature map 94.0+0.3 923+04 93.8+0.3
1/4x Quarter feature map 931+0.4 91.0 £ 0.5 925+04
w/o PAM Remove position attention 93.5+0.4 91.6 £ 0.5 93.0+0.4
w/o CAM Remove channel attention 933+04 912+ 0.5 92.8+04
w/o TAM Remove texture attention 92.6 £ 0.5 90.5+ 0.6 921+0.4
TGNet (Full) PAM+CAM+TAM 94.0+0.3 923+04 93.8+0.3

5.4 Application Testing

To validate the practical feasibility of the proposed method, we integrated it into an intelligent ship
draft mark calculation system. The system automatically computes water level values by detecting draft mark
characters and waterline key information, following the computational workflow outlined in Algorithm 1,
ultimately determining the water level through the intersection point of the waterline and the fitted curve of
the draft mark.

To thoroughly demonstrate the superiority of our method, we selected 120 drone-captured ship draft
mark videos as the test dataset, covering diverse weather and illumination conditions including clear days,
foggy scenes, and nighttime. The system processes the videos at a sampling rate of approximately 2 FPS,
and the average of the computational results from all sampled frames is taken as the final system reading
for each video segment. By comparing the system readings with professional manual measurements, we
evaluate the performance using both categorical accuracy and continuous error metrics including MAE,
RMSE, and MedAE.

The experimental results in Table 7 clearly demonstrate the advantages of our unified detection
approach. While FCOS+pose, Transformer+pose, and YOLOv8n+pose represent conventional methods
that perform character detection and waterline detection as separate tasks, TGNet achieves superior per-
formance with the lowest parameter count of 4.6M and shortest processing time of 32.4 ms. Specifically,
TGNet achieves the highest accuracy of 88.3% with MAE of 1.02 cm and RMSE of 1.68 cm, significantly
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outperforming all comparison methods. The median absolute error of 0.71 cm indicates that most predic-
tions are within sub-centimeter accuracy. This represents a significant improvement over the best separate
approach, which requires 3.7x more parameters and achieves 8.3% lower accuracy. The performance gap can
be attributed to the synergistic effect of joint feature learning in our unified framework, which enables more
consistent and reliable detection while reducing computational overhead from redundant feature extraction
in separate models.

Table 7: Comparison of water gauge reading accuracy across different methods and scenarios.

Model-Based Params (M) MAE (cm) RMSE (cm) MedAE (cm) Accuracy Time (ms)

FCOS+pose 8.1 3.42 5.81 2.15 50.8% 474
Transformer+pose 172 1.85 2.96 1.23 80.0% 60.2
YOLOv8n+pose 6.2 2.31 3.87 1.56 75.8% 55.1
TGNet (Ours) 4.6 1.02 1.68 0.71 88.3% 324

6 Conclusion

This study proposes a novel TGNet for high-precision, real-time ship waterline detection in complex
maritime environments. By deeply integrating a TAnet with a base detection model, TGNet innovatively
establishes an inter-task guidance mechanism that utilizes spatial information from character recogni-
tion to guide and optimize waterline keypoint localization. The TAnet module significantly enhances the
discriminative capability of waterline features through the fusion of channel, spatial, and texture atten-
tion mechanisms.

Experiments on multiple large-scale public datasets and a self-built ship draft dataset demonstrate the
method’s outstanding effectiveness and generalization capability. The TAnet module improves the average
recall of various detection models by 2.8% and increases average precision by 3.6%. The complete TGNet
system achieves a recall rate of 92.3% and an mAP;5 of 93.8% on the self-built dataset, while maintaining
real-time processing performance at 56 FPS.

In practical applications, TGNet demonstrates exceptional accuracy and robustness in intelligent draft
reading systems, achieving a water level calculation accuracy of 88.3% (error < 0.02 m) and an approximate
accuracy rate of 95% (error < 0.05 m). Its lightweight design and low-latency characteristics fully meet the
edge deployment requirements of UAV platforms.

In summary, this research provides an efficient and reliable Al solution for automated ship draft moni-
toring, offering valuable insights for multi-task learning in maritime computer vision. However, the method
still has several limitations. First, missed detection of draft characters directly affects the task guidance eftec-
tiveness, representing a major bottleneck in the current architecture; second, the two-stage training pipeline
limits feature sharing and computational efliciency; third, its generalization to different ship types and
extreme weather conditions (e.g., fog, rain, strong glare) has not been systematically verified under complex
field maritime environments. Future work will focus on end-to-end joint training with adaptive loss balanc-
ing, lightweight model compression for edge deployment, and robust data augmentation to handle diverse
maritime scenarios. Addressing these issues will further enhance the system’s practicality and performance.
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