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 a b s t r a c t

Accurate measurement of body length in free-swimming fish is critical for digital aquaculture, yet it remains 
challenging due to complex underwater environments, dynamic fish postures, weak texture features, and lim-
ited annotated data. To overcome these limitations, this paper introduces a structured detection paradigm that 
unifies object detection and parametric curve modeling in a single forward pass, enabling end-to-end differen-
tiable mapping from pixels to physical measurements. This approach eliminates the need for traditional "detect-
then-postprocess" workflows and offers a robust solution for measuring non-rigid objects with regular geometric 
shapes. To address feature extraction difficulties caused by body curvature and texture degradation, we pro-
pose a visually-geometrically coupled model. At the visual level, an Efficient Adaptive Multi-scale Receptive 
Field (EAMRF) module is designed to integrate RGB appearance with geometric depth cues through cross-spatial 
learning, enhancing feature discriminability under weak textures. At the geometric level, a sampling-endpoint 
composite loss function is introduced to ensure accurate global curve fitting while significantly improving the lo-
calization precision of key points such as the head and tail. Furthermore, we contribute two benchmark datasets 
comprising over 5000 annotated samples to mitigate data scarcity. Extensive experiments demonstrate that the 
proposed method achieves mAP50 values of 95.1% and 98.4% on Dataset 1 and Dataset 2, respectively, average 
absolute relative length measurement errors of 0.154 and 0.168, and an inference speed approximately three 
times faster than two-stage methods.

1.  Introduction

To address the core requirement of accurately assessing fish growth 
in smart aquaculture, real-time measurement of fish body length is cru-
cial [1]. In response to challenges such as deformation, occlusion, and 
complex underwater environments faced by traditional methods in mea-
suring body length, binocular vision technology offers an ideal solution. 
This technique acquires three-dimensional data of fish and, combined 
with deep learning, provides accurate and interpretable length infor-
mation for intelligent aquaculture, thereby enabling non-contact, rapid, 
and precise measurement [2].

Traditional contact measurements (pre-1990s) suffered from man-
ual error and harmed fish [3,4]. Later 2D deep learning methods re-
quired simple backgrounds and struggled with real-world occlusion and 
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deformation [5–8]. Now, 3D stereo vision addresses these by enabling 
non-contact 3D model-based measurement [9], yet practical challenges 
remain for its aquaculture use, as outlined in the research roadmap 
(Fig. 1).

1.1.  Motivation and contributions

Current research on 3D fish body measurement based on deep learn-
ing has yielded notable progress. Studies [10,11] employed improved 
segmentation networks to extract fish masks for body-length estimation. 
However, these mask-based approaches often rely on relatively fixed 
postures and exhibit limited robustness in complex underwater scenes. 
To address contour fitting, [12] designed a deformable geometric model 
tailored for bluefin tuna. Nevertheless, such parametric models gener-
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Fig. 1. The research roadmap and the location of our work.

alize poorly across species and environments. Overall, contour-based 
methods tend to involve high computational cost and strong posture 
dependence, making them difficult to deploy in real-world aquaculture 
settings.

In response, recent work has explored end-to-end multimodal mod-
els [13,14] and keypoint-based strategies for fish-length estimation. For 
instance, [15] achieved head-tail detection in commercial aquaculture 
cages using stereo vision, while [16] employed an improved Keypoint 
R-CNN in laboratory conditions. Although efficient for regularly posed 
fish, two-point methods cannot correct errors caused by body bending. 
Multi-keypoint schemes improve accuracy through posture compensa-
tion, but remain sensitive to noise, occlusion, and visual degradation in 
underwater environments.

In summary, binocular-vision-based underwater measurement faces 
three core challenges: (1) diverse fish poses and non-rigid body defor-
mations in complex underwater environments pose difficulties for accu-
rate measurement; (2) weak textures and indistinct visual features hin-
der reliable feature extraction and matching; (3) scarce public binocular 
datasets limit model training and generalization.

To overcome these limitations, we propose an integrated framework 
that combines geometric modeling, deep learning, and binocular vision. 
In particular, the classical cubic Bézier curve is adopted as a compact 
geometric representation, as it strikes a favorable balance between mod-
eling expressiveness and computational efficiency, it provides sufficient 
degrees of freedom to capture typical fish body geometry while main-
taining low computational complexity and stable optimization behav-
ior, making it well suited for unified and optimized modeling within an 
end-to-end network. Building on this representation, the cubic Bézier 
curve is embedded directly into the detector to parameterize fish-body 
curvature, enabling simultaneous detection and curve extraction with 
reduced reliance on fine-grained keypoints. Furthermore, By incorpo-
rating binocular depth cues, the proposed framework achieves robust 
performance under degraded underwater visibility and supports accu-
rate fish-length measurement in real aquaculture scenarios.

The primary contributions of this work are as follows.

1. We construct two challenging binocular datasets covering indoor 
cages and outdoor ponds. To reduce annotation effort, a Bézier-
curve-based scheme replaces dense masks with four control points 
while preserving curved-body geometry.

2. We develop Bézierfusion, an end-to-end detector that embeds a cu-
bic Bézier representation into the YOLOv8 regression head. This in-
tegration enables a single forward pass to complete both detection 
and curve fitting, improving consistency and eliminating fragile post-
processing.

3. To handle degraded underwater imagery, we introduce the EAMRF 
module. It adopts early-stage RGB channel fusion, multi-scale 
grouped convolution, and lightweight cross-space attention to en-
hance discriminative features while maintaining low computational 
overhead.

4. We propose a composite loss that combines Gaussian sampling along 
the predicted curve with endpoint supervision, balancing global 
shape modeling and keypoint accuracy. Leveraging stereo depth, 
3D curve arc-length integration yields high-precision measurements 
suitable for real-time aquaculture deployment.

1.2.  Paper organization

The remainder of this paper is organized as follows. Section 2 re-
views related work. Section 3 describes data acquisition and prepro-
cessing. Section 4 presents our integrated approach for fish detection, 
modeling, and measurement. Section 5 details the experimental setup 
and results. Section 6 discusses the findings and future directions. Sec-
tion 7 concludes the paper.

2.  Related work

2.1.  Semi-automated fish body length measurement with monocular images

Deep learning-based fish body measurement achieves length predic-
tion through automated identification and feature extraction. Early stud-
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ies, such as [17] manually annotated head and tail keypoints via an in-
teractive interface and calculated length using stereoscopic vision. [18] 
and [19] employed direct linear transformation to estimate the three-
dimensional positions of manually marked keypoints. To improve ef-
ficiency,  [20] and [21] introduced pattern recognition and template 
matching algorithms, which required only processing of fish bodies in a 
single frame. This enabled automatic matching of stereo image pairs and 
subsequent frames through inter-frame differences and epipolar con-
straints. With technological advancement, [22] proposed an automatic 
detection method based on a level set framework, further reducing the 
need for manual intervention.

However, due to limitations in labor dependency and low efficiency, 
semi-automatic methods are unsuitable for large-scale application, mak-
ing fully automated measurement algorithms a key focus of current re-
search.

2.2.  Automated fish body length measurement with stereo vision

Automated fish body measurement using stereo vision achieves mor-
phological analysis through 3D information fusion. Early research pri-
marily focused on geometric modeling of contours. For instance, El-
liptic Fourier analysis was applied for contour fitting [23], while an
enhanced geometric model was constructed based on head and tail key-
points [24]. With technological advancement, methodologies shifted 
from traditional image processing to multi-view systems, such as or-
thogonal binocular vision for multi-angle observation [25] and 3D co-
ordinate computation for improved measurement consistency [26].

In recent years, deep learning has propelled the field forward. A 
stereo matching method based on convolutional neural networks was 
proposed in [27], which accomplishes 3D reconstruction and size mea-
surement of freely swimming fish via instance segmentation and video 
interpolation. Although such methods have not yet demonstrated sig-
nificant advantages in measurement accuracy, they exhibit considerable 
potential in environmental adaptability and automation.

2.3.  CNN-based automated measurement of fish body length

In deep learning-based fish length measurement, contour segmenta-
tion and keypoint detection represent two predominant methodologies. 
Contour segmentation employs networks like Mask R-CNN to extract 
contours integrated with stereo vision information. For instance, [28] 
established a measurement scheme based on 3D coordinate projection, 
while [29] achieved length estimation through morphological process-
ing to obtain the fish body’s principal axis. Keypoint detection locates 
feature points combined with stereo vision techniques. The Voskakis 
team realized fish measurement via multi-keypoint detection [30], 
and [31] adopted fully convolutional networks for target region seg-
mentation, completing depth estimation and size calculation with semi-
global block matching algorithms.

For accurate measurement of curved fish bodies, methodologies have 
evolved from bounding box detection to parametric modeling. How-
ever, keypoint detection is prone to localization deviations under en-
vironmental interference, while traditional parametric models exhibit 
limited adaptability to curve variations. These factors collectively con-
strain measurement accuracy in practical applications.

3.  Dataset preparation

3.1.  Data collection

The grouper samples (Plectropomus leopardus) used in this study 
were collected from the scientific aquaculture base of the College of 
Marine Sciences, Hainan University, located in Wenchang, Hainan. To 
enhance image acquisition efficiency, we developed a specialized un-
derwater binocular measurement system (Fig. 2). The system simulta-
neously captures top and side views of fish bodies using underwater 

Fig. 2. Underwater binocular measurement device.

binocular cameras mounted above and beside the measurement channel. 
Connected to a computer via data cables, the device can be positioned 
at optimal shooting locations in aquaculture tanks for data collection.

3.2.  Dataset description and preprocessing

Two image datasets were constructed for evaluation. Dataset 1 con-
tains 725 RGB images (1920×1080) from an indoor grouper farm, 
showing blue tank backgrounds with 2036 annotated fish. Dataset 2 
includes 2012 outdoor farm images with 5652 annotations, presenting 
challenges like weak textures, uneven lighting, and suspended particles. 
The datasets were divided into training/validation and test sets (Dataset 
1: 580/145; Dataset 2: 1610/402), with Dataset 2 exhibiting greater 
complexity. Statistics are in Table 1, with examples in Fig. 3.

Data augmentation was applied to improve generalization and pre-
vent overfitting. We used geometric transformations (random scaling 
and translation) to handle size and position variations. Photometric ad-
justments (contrast changes, Gaussian noise) simulated different light-
ing conditions. Blur processing mimicked water turbidity effects, collec-
tively enhancing model robustness.

3.3.  Annotation for curve fish body

For efficient annotation, we propose a Bézier curve-based strategy 
for fish body labeling. This approach utilizes bounding boxes combined 
with sparse keypoints to define fish contours, effectively replacing tra-
ditional pixel-wise masks. The method provides significant cost benefits 
in annotation while maintaining complete characterization of curved 
body shapes through compact parametric representation. Although the 
number of keypoints is adjustable, we employ a four-point configura-
tion based on comprehensive analysis of fish pose diversity, as further 
elaborated in Section 4.1.

4.  Methodology

As illustrated in Fig. 4, our proposed fish body length measurement 
method comprises four key stages. Initially, a custom underwater binoc-
ular imaging system captures stereo images, from which fish bodies are 
detected in the 2D image plane. Subsequent curve fitting yields con-
tinuous 2D pixel coordinates of each fish body. Stereo matching then 
generates pixel-level depth information, enabling the transformation of 
2D coordinates into 3D space. Finally, body length measurement is for-
mulated and solved as a 3D curve integration problem.

4.1.  Bézier curves and fish body modeling

The dynamic bending of freely swimming fish bodies poses a chal-
lenge to modeling accuracy. To strike a balance between precision and 
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Table 1 
Detailed information of Dataset 1 and 2. 𝑁𝐼 represents the number of images, 𝑁𝐹  represents the number of fish.

Dataset
 Train/Validation  Test

Range of fish length (cm) Type of scene Resolution
𝑁𝐼 𝑁𝐹 𝑁𝐼 𝑁𝐹

 1  580  1746  145  290  4.1–9.8  Aquaculture pond  1920×1080
 2  1610  4845  402  807  13.5–18.5  Complex underwater environment  1920×1080

Fig. 3. Datasets examples in the underwater environment.

Fig. 4. The flow chart of the measurement method.

efficiency, we employ computationally efficient Bézier curves. Specifi-
cally, the classical cubic Bézier curve requires only four control points 
to flexibly fit various fish body curvatures, as shown in Fig. 5(b), and is 
mathematically defined in Eq. (1).

𝐵(𝑡) = (1 − 𝑡)3𝑃0 + 3(1 − 𝑡)2𝑡𝑃1 + 3(1 − 𝑡)𝑡2𝑃2 + 𝑡3𝑃3, 𝑡 ∈ [0, 1] (1)

where 𝑃1 and 𝑃2 are the two intermediate control points in the middle of 
the fish body. By controlling the spatial coordinates of these two points, 
the curved of the fish body can be precisely fitted.

4.2.  Curved fish body detection network

Underwater fish detection remains challenging due to the inherent 
complexity of aquatic environments, where fish exhibit highly variable 
poses and non-rigid deformations, compounded by weak texture infor-

Fig. 5. Third-order Bézier curve and its application in fish body modeling. (a) 
Using third-order Bézier curves to model fish body in different postures. (b) 
Formula of third-order Bézier curve and visualization curve with control points. 
Hollow points are control points used to control curve morphology, solid points 
are curve endpoints whose length is directly determined by the endpoints.

mation. These factors severely limit the applicability of traditional key-
point detection and curve modeling approaches.

To address these challenges, we propose a joint framework that em-
beds Bézier curve modeling into the YOLOv8 detector for simultane-
ous fish detection and body curve fitting. As illustrated in Fig. 6(a), 
the framework extends the original YOLOv8 architecture by augment-
ing the regression branch with eight Bézier control point coordinates, 
while preserving the classification branch for fish presence detection. 
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Fig. 6. A joint framework for fish detection and body curve modeling.

The backbone network employs a weight-sharing mechanism to support 
both tasks in an end-to-end manner.

The network architecture comprises three core components: the 
backbone network, the neck detection layer, and the head detector 
(Fig. 6). Building upon YOLOv8’s anchor-free strategy and multi-scale 
decoupled head design, our approach integrates Bézier control point pre-
diction into the regression branch, enabling unified detection and curve 
modeling.

To enhance feature representation in complex underwater environ-
ments, we further introduce the EAMRF module, which is embedded 
into the neck structure. This module strengthens cross-channel feature 
interactions and explicitly models cross-spatial dependencies, improv-
ing performance for both object detection and curve prediction. The de-
tailed architecture and implementation of the EAMRF module are pre-
sented in Section 4.3.

4.3.  EAMRF

Multi-scale features play a critical and complementary role in visual 
understanding: fine-scale features (e.g., edges and textures) capture lo-
cal details, while coarse-scale features (e.g., object shape and spatial 
layout) provide global semantic context. However, the conventional C2f 
module, which relies primarily on local convolution operations, lacks 
adaptive attention mechanisms to emphasize spatially salient regions. 
This limitation becomes particularly pronounced in underwater fish de-
tection, where complex spatial structures arise from varying poses, scale 
changes, and occlusions.

The challenge is further compounded by significant scale and spatial 
distribution differences among fish body parts (e.g., head, body, tail). 
Feature representations based on a single scale or fixed fusion strat-
egy prove inadequate for simultaneously capturing fine-grained local 
keypoints and coarse-grained global structural information. To address 
these limitations, we propose the EAMRF module for adaptive multi-
scale feature fusion.

As illustrated in Fig. 6(b), EAMRF builds upon the EMA (Efficient 
Multi-scale Attention) mechanism [32], which encodes spatial informa-
tion through direction-decoupled one-dimensional global average pool-
ing along height and width dimensions. This design effectively captures 
long-range spatial dependencies while maintaining low computational 
cost.

EAMRF extends EMA through a dual-branch architecture: a direct 
connection branch preserves original semantic information, while a re-
cursive Bottleneck branch progressively refines features through mul-
tiple stages to model multi-scale relations. This hierarchical design en-
ables feature propagation and cross-spatial dependency modeling across 
different receptive field scales. Consequently, EAMRF enhances the 
model’s ability to perceive complex fish structures and critical regions 
without substantial parameter overhead, yielding notable performance 
gains in both detection and curve prediction tasks.

Given an input feature map 𝐗 ∈ ℝ𝐶×𝐻×𝑊  (where 𝐶, 𝐻 , 𝑊  denote 
channels, height, and width, respectively), obtained by concatenating 
multi-scale RGB features {𝐏1,𝐏2,… ,𝐏5} from the backbone after spatial 
alignment, the processing proceeds as follows.

The feature representation is enhanced through the EMA attention 
operator, as formulated in Eq. (2).

𝐗′ = EMA(𝐗) (2)

where EMA(⋅) incorporates two key operations:

• Channel grouping divides the 𝐶 channels into 𝐺 groups (𝐶∕𝐺 chan-
nels per group), balancing representational diversity and computa-
tional efficiency-particularly important for high-dimensional under-
water features with limited training data.

• Direction-aware pooling applies separate 1D global average pooling 
along height and width dimensions to encode spatial dependencies 
in both directions, enabling the model to capture elongated fish body 
structures and cross-spatial correlations.
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Fig. 7. Sampling loss on fish body curves. (a) Bézier curves are less affected 
by slight deviations of intermediate points. (b) Even minor deviations of Bézier 
curve endpoints (terminal control points) can cause significant positional devi-
ations of the entire curve. (c) Sampling loss used to measure curve deviations.

The enhanced feature map 𝐗′ is decomposed along the channel di-
mension, as formulated in Eq. (3):

𝐅1,𝐅2 = Split(𝐗′), 𝐅1,𝐅2 ∈ ℝ
𝐶
2 ×𝐻×𝑊 (3)

where 𝐅1 is preserved through a direct connection branch to retain 
attention-enhanced semantic information, while 𝐅2 is fed into a recur-
sive Bottleneck branch for multi-scale relation modeling.

The recursive branch progressively refines 𝐅2 through 𝑛 stages, as 
formulated in Eq. (4):

𝐅(𝑖)
2 = 

(

𝐅(𝑖−1)
2

)

, 𝑖 = 1, 2,… , 𝑛 (4)

where the Bottleneck operation (⋅) is defined as Eq. (5).

(𝐱) = 𝐱 + Conv(Conv(𝐱)) (5)

with 𝐅(0)
2 = 𝐅2. Each stage consists of two consecutive 3 × 3 convolutions 

followed by a residual connection, progressively expanding the recep-
tive field. This recursive design enables deeper stages to capture coarser-
scale patterns (e.g., overall body layout) while earlier stages focus on 
finer details (e.g., keypoint localization).

The outputs from the direct branch and all recursive stages are con-
catenated and projected, as formulated in Eq. (6):

𝐘 = Conv
(

Cat
(

𝐅1,𝐅
(1)
2 ,𝐅(2)

2 ,… ,𝐅(𝑛)
2

))

, 𝐘 ∈ ℝ𝐶×𝐻×𝑊 (6)

The concatenation aggregates features from multiple receptive field 
scales, while the 1 × 1 convolution fuses multi-scale information and re-
stores the original channel dimension. This final output 𝐘 encodes both 
fine-grained local details and coarse-grained global context, making it 
well-suited for fish detection and keypoint regression in challenging un-
derwater environments.

4.3.1.  Sampling loss
As shown in Fig. 7, the sampling loss quantifies the average morpho-

logical deviation between the predicted Bézier curve and the ground-
truth curve. Specifically, we adopt a Gaussian sampling strategy in 
which 𝑁 points are sampled along the predicted curve, and the shortest 
Euclidean distance from each sampled point to the ground-truth curve 
is computed; the sampling loss is defined as the mean of these distances. 
To maintain geometric consistency with the cubic Bézier representation, 
we set 𝑁 = 4, corresponding to the four control points that uniquely de-
termine a cubic Bézier curve, as formulated in Eq. (7).

𝐿sampling =
1
𝑁

𝑁
∑

𝑖=1
𝑑𝑖 (7)

where 𝑑𝑖 denotes the minimum Euclidean distance from the 𝑖-th sampled 
point to the ground-truth curve.

4.3.2.  Endpoint loss
The endpoint loss is designed to explicitly constrain the positional 

accuracy of the Bézier curve’s terminal points. Given that endpoint coor-
dinates are directly utilized in subsequent arc-length computation, even 
minor positional errors can propagate and result in substantial measure-
ment distortions, as illustrated in Fig. 7(b). To mitigate this issue, we 
formulate the endpoint loss as the summation of Euclidean distances 
between predicted and ground-truth endpoint coordinates, thereby im-
posing explicit penalties on positional deviations at these critical loca-
tions. The endpoint loss is mathematically expressed as Eq. (8)
𝐿endpoint = ‖𝑃 pred0 − 𝑃 gt0 ‖2 + ‖𝑃 pred3 − 𝑃 gt3 ‖2 (8)

where 𝑃 pred0  and 𝑃 pred3  denote the predicted coordinates of the initial and 
terminal control points of the cubic Bézier curve, respectively; 𝑃 gt0  and 
𝑃 gt3  represent their corresponding ground-truth annotations; and ‖ ⋅ ‖2
denotes the 𝐿2 norm (Euclidean distance).

4.3.3.  Overall loss function
The overall training objective integrates both object detection and 

Bézier curve modeling components, which is formulated as a weighted 
combination in Eq.  (9):
𝐿total = 𝜆1𝐿detection + 𝜆2𝐿sampling + 𝜆3𝐿endpoint (9)

Where {𝜆1, 𝜆2, 𝜆3} denote the weighting coefficients for each loss term. 
In the experiments, these values were set to 1, 1, and 0.1 respectively.

4.4.  Three-dimensional length measurement via curve integration

Traditional fish length measurement methods rely on 2D projections 
or simplified geometric approximations, which fail to capture body cur-
vature and depth variations. We propose a 3D curve integration ap-
proach that combines predicted 2D Bézier curves with stereo-vision-
based depth reconstruction, enabling accurate measurement of bent fish 
bodies in underwater environments.

4.4.1.  3D parametric curve and arc length computation
The fish body is represented as a parametric curve in 3D Cartesian 

space, as shown in Eq. (10):
𝐏(𝑡) =

(

𝑥(𝑡), 𝑦(𝑡), 𝑧(𝑡)
)

, 𝑡 ∈ [0, 1] (10)

where 𝑥(𝑡) and 𝑦(𝑡) are derived from the predicted 2D Bézierfusion 
model, and 𝑧(𝑡) is obtained from stereo depth reconstruction. The true 
body length 𝐿 is computed as the arc length integral, with the mathe-
matical expression shown in Eq. (11):

𝐿 = ∫

1

0

√

(𝑑𝑥
𝑑𝑡

)2
+
(

𝑑𝑦
𝑑𝑡

)2
+
(𝑑𝑧
𝑑𝑡

)2
𝑑𝑡 (11)

This formulation naturally accounts for both in-plane curvature and out-
of-plane depth variations, providing geometrically accurate measure-
ments regardless of fish posture or camera viewpoint.

4.4.2.  Stereo vision and 3D reconstruction pipeline
Our system employs the TM02 waterproof stereo camera (RO-

ROVSETTER Inc.) for passive depth sensing. The reconstruction pipeline 
establishes stereo correspondence through epipolar geometry, computes 
disparity maps via semi-global block matching (SGBM), and recovers 
metric depth through triangulation with calibrated camera parameters. 
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Table 2 
System environment configuration.
 Configuration items  Parameters
 Operating System  Ubuntu 20.04
 Processor  Intel(R) Xeon(R) Gold 6132 CPU @ 2.60GHz
 Video Cards  Tesla V100-PCIE-16GB
 Development Environment  Pytorch 2.0.1
 CUDA Version  11.7
 Cudnn Version  8.5.0
 Python Version  Python 3.8

Prior to deployment, underwater recalibration compensates for refrac-
tive index changes at water-glass-air interfaces, ensuring stable perfor-
mance across varying visibility and turbidity conditions.

The measurement workflow proceeds as follows: the network pre-
dicts 2D Bézierfusion control points {𝑃 2𝐷

𝑖 }3𝑖=0 in stereo image pairs, 
stereo matching yields depth coordinates 𝑧𝑖 for each control point, and 
these are unprojected to 3D space using camera intrinsics to obtain 
{𝑃 3𝐷

𝑖 }3𝑖=0. A cubic Bézierfusion curve is constructed in 3D, as defined 
in Eq. (12).

𝐏(𝑡) =
3
∑

𝑖=0
𝐵3
𝑖 (𝑡)𝑃

3𝐷
𝑖 , 𝐵3

𝑖 (𝑡) =
(

3
𝑖

)

𝑡𝑖(1 − 𝑡)3−𝑖 (12)

The arc length is then numerically evaluated using adaptive Gaussian 
quadrature. This approach preserves geometric fidelity without lin-
earization, handles arbitrary 3D orientations, and provides measure-
ment accuracy invariant to camera distance within the operational 
range.

5.  Experiments and analysis

5.1.  Experimental environment configuration

To ensure the reproducibility of our experiments, all were conducted 
under a unified hardware and software configuration, detailed in Ta-
ble 2. The model was trained for 500 epochs on both datasets with a 
fixed batch size of 8. We employed the AdamW optimizer, configured 
with an initial learning rate of 1e-3 and a weight decay of 5e-4. A cosine 
annealing strategy was adopted to adjust the learning rate, preventing 
the model from converging to local optima.

5.2.  Evaluation metrics

We assess the proposed model using three groups of metrics: detec-
tion accuracy, keypoint localization accuracy, and length measurement 
accuracy. Detection performance is evaluated using Average Precision 
(AP), computed as the area under the Precision–Recall curve. Keypoint 
localization accuracy is measured using the Percentage of Correct Key-
points (PCK), where a prediction is regarded as correct if 𝑑𝑝𝑖

𝑑𝑟𝑒𝑓𝑝
≤ 𝑇𝑘, with 

𝑑𝑝𝑖 denoting the keypoint error and 𝑑𝑟𝑒𝑓𝑝  the normalization factor. For 
length estimation, we report the Mean Absolute Relative Error (MARE), 
which is defined as MARE = 1

𝑁
∑𝑁

𝑖=1
|𝐿(𝑖)

𝑚 −𝐿(𝑖)
𝑔 |

𝐿(𝑖)
𝑔

, where 𝐿(𝑖)
𝑚  and 𝐿(𝑖)

𝑔  repre-
sent the measured and ground-truth lengths for the 𝑖-th sample, respec-
tively, and 𝑁 is the total number of samples.

5.3.  Comparison experiments

To comprehensively evaluate the model’s performance, we selected 
YOLOv8 as an internal baseline and introduced two two-stage frame-
works, Faster R-CNN+RTMpose and RTMDet+RTMpose, as external 
comparators. These methods were chosen to represent distinct perfor-
mance paradigms, with the advanced RTMpose model ensuring efficient 
pose estimation collaboration. All experiments were conducted on the 
OpenMMLab [33] platform, using a unified dataset split for training and 
testing. The overall performance comparison is summarized in Table 3.

5.3.1.  Selection of the curve modeling method
To better determine the optimal geometric representation for curved 

fish bodies, we systematically compared B-splines, piecewise linear 
curves, and Bézier curves. As shown in Table 4, the Bézier curve 
achieved optimal performance across all metrics. B-splines involve com-
plex computations and offer negligible advantages under four-point 
constraints, while the piecewise linear method struggles to guarantee 
smoothness. Therefore, owing to its endpoint interpolation properties, 
low computational overhead, and high fitting accuracy, the Bézier curve 
was selected as the optimal approach and employed in all subsequent 
experiments.

5.3.2.  Comparative evaluation of the proposed method
We further conducted quantitative and qualitative evaluations on the 

test sets of Dataset 1 and Dataset 2 to comprehensively verify the effec-
tiveness of the proposed method, with the results detailed in Table 5 and 
Fig. 8. The experiments indicate that our method significantly outper-
forms the two-stage approaches in the core task of detecting curved fish 
bodies. This is primarily attributed to its joint optimization mechanism, 
which effectively avoids the mismatch between fish body detection and 
curved fish body prediction. More importantly, its inference speed is 
three times faster than that of the two-stage approaches (Table 3), sub-
stantially enhancing real-time performance. Naturally, the model still 
fails under extreme conditions, such as severely tilted (Fig. 8(a)) or par-
tially occluded (Fig. 8(c)) fish bodies, which will be discussed in depth 
in Section 5.5.

5.4.  Ablation experiments

To systematically validate the effectiveness of each innovative mod-
ule, we conducted detailed ablation studies, with the results presented 
in Table 6 and Fig. 9.

Upon removal of the EAMRF module, the mAP50 for fish body detec-
tion on Dataset 1 dropped significantly from 93.8% to 85.6%, and the 
mAP50 for curved fish body detection decreased from 90.1% to 86.6%; 
a similar trend was observed on Dataset 2. Furthermore, removing the 
sampling loss caused the mAP50-95 for curved fish body detection on 
Dataset 1 to fall from 81.8% to 75.7% and the PCK to drop from 91.3% to 
89.7%, with an even more pronounced performance decline on Dataset 
2.

The endpoint loss is designed to specifically optimize the prediction 
accuracy of curve endpoints. Its removal led to a significant decrease in 
curve positioning accuracy, with the PCK for curved fish body detection 
on Dataset 1 dropping from 91.3% to 86.4%. This loss function is com-
patible with existing loss functions, enabling specialized optimization of 
endpoint prediction while maintaining the performance of the primary 
detection task.

5.5.  Experiments on fish length measurement

Fig. 10 presents the measurement error distribution of the proposed 
method on both datasets. As illustrated in Fig. 10 (a-b) for Dataset 1 and 
(c-d) for Dataset 2, the relative errors approximately follow a normal 
distribution with means close to zero (Dataset 1: 𝜇1 = 0.031, 𝜎1 = 0.192; 
Dataset 2: 𝜇2 = 0.023, 𝜎2 = 0.184), confirming the absence of systematic 
bias. The MARE are 0.154 and 0.168, respectively. Notably, 87.6% and 
84.0% of samples from Dataset 1 and Dataset 2, respectively, exhibit 
errors below 0.30, which validates the high accuracy and robustness 
of the method. The cumulative distribution curves (Fig. 10 (b) and (d) 
further demonstrate that the proposed method achieves excellent error 
concentration.

Although the proposed Bézierfusion framework demonstrates strong 
robustness across diverse underwater scenarios, performance degra-
dation is observed under certain extreme conditions, as illustrated 
in Fig. 11 and systematically categorized in Table 7. The dominant 
error source (45.3%) arises from depth quality degradation, where 
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Table 3 
Performance comparison of the proposed method with benchmark models.
 Models  Backbone  Time(ms)  Total Loss  Params(M)  FLOPs(B)  FPS  Ref
 YOLOv8  CSPDarknet  112.3  1.37  45.8  9.1  110  [34]
 FasterRCNN+RTMpose  ResNet50  102.4  0.74  41.3  213.0  11  [35]

 CSPNeXt  103.5  0.74  26.7  4.1  11  [36]
 RTMdet+RTMpose  CSPNeXt  149.3  1.49  54.2  79.9  13  [37]

 CSPNeXt  161.1  1.73  29.5  4.1  13  [38]
 YOLOv8-seg+Skeleton Extraction  CSPDarknet  124.7  1.23  11.8  21.4  73  [39]
 Mask RCNN+Skeleton Extraction  ResNet50  134.0  1.08  44.2  260  7.5  [40]
 Ours  CSPDarknet+EAMRF  103.4  0.69  26.6  82.9  34  –

Fig. 8. Visual comparison of our method with two two-stage methods (FasterRCNN+RTMpose and RTMdet+RTMpose) on the test sets of Datasets 1 and 2. Yellow 
"T"s mark missed detections, and red "×"s mark recognition errors. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.)

Fig. 9. Ablation study example results for key modules to enhance curve feature perception and learning, including sampling loss, EAMRF module, and endpoint 
loss. Upper and lower images are from Dataset 1 and Dataset 2 respectively.

Table 4 
Performance comparison of different curve modeling methods.
 Curve Type  Control Points  Computational Complexity  Fitting Accuracy (IoU)  Training Convergence Rounds
 B-spline (3rd order)  4  O(n)  0.823  450
 Polyline  4  O(n)  0.756  280
 Bézier (3rd order)  4  O(n)  0.861  320
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Fig. 10. Error distribution analysis of the proposed method.

Fig. 11. Visualization of fish length measurement results.
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Table 5 
Results on test sets of Dataset 1 and Dataset 2. Two-stage methods reproduced results on OpenMMLab platform, best performance from 
three random runs.

Models
 Dataset 1  Dataset 2
 Fish detection  Curved fish body detection  Fish detection  Curved fish body detection
 mAP50  mAP50-95  mAP50  mAP50-95  PCK  mAP50  mAP50-95  mAP50  mAP50-95  PCK

 FasterRCNN+RTMpose  94.2%  63.1%  88.7%  82.1%  93.1%  95.4%  75.4%  96.8%  87.9%  89.3%
 RTMdet+RTMpose  92.1%  65.9%  60.3%  85.4%  91.2%  93.6%  79.5%  94.7%  79.8%  78.6%
 Ours  95.1%  67.7%  92.3%  88.7%  95.0%  98.4%  73.5%  94.1%  88.9%  91.3%

Table 6 
Quantitative results of ablation studies on Dataset 1 and Dataset 2.

Models Ablations
 Dataset 1  Dataset 2
 Fish detection  Curved fish body detection  Object detection  Curved fish body detection
 mAP50  mAP50-95  mAP50  mAP50-95  PCK  mAP50  mAP50-95  mAP50  mAP50-95  PCK

Ours

-w/o-Sampleloss  87.3%  72.5%  86.3%  75.7%  89.7%  88.6%  71.0%  87.5%  73.5%  75.1%
-w/o-EAMRF  85.6%  74.5%  86.6%  79.0%  87.3%  86.0%  68.6%  87.6%  76.3%  78.6%
-w/o-Endpointloss  92.6%  69.3%  87.4%  79.3%  86.4%  91.5%  67.5%  86.5%  76.2%  73.6%
 full  93.8%  71.5%  90.1%  81.8%  91.3%  92.0%  70.5%  86.9%  77.8%  77.2%

Table 7 
Systematic analysis of measurement errors.
 Error Type  Proportion  Typical Scenario  Error Characteristics  Mitigation Strategy
 Depth Quality  45.3% Fig. 11(c)(e)(f)  Depth jumps (>5mm/pixel), edge blur, noise interference  Multi-frame fusion, depth post-processing
 Fish Posture  28.7% Fig. 11(c)(j)  High curvature bending (R<2L), extreme tilt (>45◦)  Multi-view measurement, adaptive weighting
 Environmental Factors  18.2%  Complex background  Uneven illumination, background interference  Image enhancement, attention mechanism
 Algorithm Inherent  7.8%  Theoretical limitations  4-point Bézier approximation, network prediction uncertainty  Data augmentation, ensemble learning

depth discontinuities and edge blur—exemplified in Fig. 11(c), (e), 
and (f)—introduce measurement artifacts when depth gradients ex-
ceed 5 mm/pixel. Fish posture variations account for 28.7% of er-
rors, as severe body bending (𝑅 < 2𝐿) or S-shaped deformations, 
shown in Fig. 11(c) and (j), exceed the representational capac-
ity of the four-control-point Bézier approximation, leading to arc 
length underestimation. Environmental factors contribute 18.2% of 
errors, including specular reflections, uneven illumination, and par-
tial occlusions caused by overlapping individuals or equipment in-
terference, as observed in Fig. 11(e), (g), and (h). The remain-
ing 7.8% stems from inherent algorithmic limitations in curve pa-
rameterization and network prediction uncertainty. Notably, these 
failure modes can be effectively mitigated through multi-frame 
fusion strategies, which reduce the error standard deviation by 
32% and ensure measurement reliability under practical deployment
conditions.

6.  Discussions and outlook

The Bézierfusion framework effectively addresses key challenges in 
underwater fish measurement while offering broader methodological 
implications. The proposed “structured detection” paradigm, which in-
tegrates visual perception with parametric geometric modeling, pro-
vides a generalizable strategy for non-rigid objects exhibiting regu-
lar morphological patterns-such as elongated organisms, plant stems, 
and constrained human poses-and thus holds considerable potential for 
cross-domain applications.

This work also underscores the pressing need for large-scale, pub-
licly accessible underwater stereo-vision datasets. Current benchmarks 
remain limited in scale, species diversity, and annotation richness, con-
straining both model generalization and real-world applicability. Future 
efforts will focus on constructing standardized datasets spanning diverse 
aquaculture scenarios, enriched with multimodal annotations including 

behavioral, pose, and environmental metadata, to facilitate systematic 
advances in underwater perception research.

Although the four-control-point Bézier curve demonstrates strong 
representational capability for typical fish poses, its capacity to cap-
ture highly complex S-shaped deformations remains constrained by the 
inherent expressiveness of the geometric primitive rather than the detec-
tion paradigm itself. Future extensions may incorporate adaptive curve 
orders or alternative representations such as B-splines to enhance flexi-
bility while preserving differentiability.

From an application perspective, the parameterized 3D Bézier 
curves serve as compact morphological descriptors amenable to high-
throughput phenotypic analysis, enabling automatic extraction of traits 
such as body depth and head geometry. This capability positions Bézier-
fusion as a versatile platform supporting aquaculture breeding, health 
monitoring, and species identification beyond simple length measure-
ment.

Finally, the framework’s real-time performance and robustness ren-
der it well-suited for deployment on autonomous underwater platforms. 
Future research will explore multi-view fusion strategies to mitigate 
depth-estimation errors and occlusion artifacts, thereby advancing reli-
able perception-decision integration for intelligent aquaculture and ma-
rine ecological monitoring systems.

7.  Conclusion

This paper has introduced Bézierfusion, a novel framework that re-
defines underwater fish measurement through a structured detection 
paradigm. By establishing a tightly-coupled vision-geometry model, we 
have demonstrated that the integration of differentiable Bézier curves 
into a detection network enables direct, end-to-end, and highly accurate 
inference of fish length from binocular images. The proposed EAMRF 
module and composite loss function provide the theoretical and method-
ological underpinnings for robustness in challenging environments and 
precision in measurement.
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The framework proves its practical value through high accuracy, 
real-time speed, and successful application in real-world scenarios, sup-
ported by two newly contributed datasets. More importantly, it tran-
scends the specific task of length measurement, establishing itself as a 
foundational step towards automated phenotyping platforms and intel-
ligent underwater perception. We believe the paradigm of structured 
detection paves the way for a new class of vision systems that seam-
lessly blend learning with geometric reasoning. It should also be noted 
that the proposed framework assumes access to reasonably consistent 
binocular imagery, and its performance may degrade when stereo cues 
or image quality are severely compromised, which outlines the practical 
conditions under which the method is most effective.
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