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Abstract: In this paper a novel monocular 3D object detection algorithm, namely MonoS- 10 

trong, is constructed as a new solution to enhancing the navigation safety for general and 11 

autonomous ships in particular with the assistance of visual detections. Initially, a channel 12 

attention-enhanced feature network is designed to adaptively strengthen feature channels 13 

corresponding to critical geometric structures, improving the representation of complex ship 14 

characteristics, particularly for feature-sparse ships at medium and long distances. Subse- 15 

quently, a multi-scale feature fusion module with attention mechanisms is formulated to en- 16 

hance the robustness of perception through cross-level feature interaction, further strength- 17 

ening feature representation for ships with scale variations. An optimized 2D–3D bounding 18 

box association loss function is then constructed to effectively reduce errors caused by rapid 19 

heading variations at short distances and localization drift at extended ranges. A multi-sce- 20 

nario 3D visual dataset for ships, called Kitti3D-Ship, is constructed to validate the proposed 21 

technique. The results demonstrate that MonoStrong outperforms existing methods in ship 22 

attitude estimation, particularly in long-range, high-density, and multi-scale scenarios. The 23 

method offers a reliable solution for intelligent maritime perception and contributes to the 24 

safe operation of ships.  25 
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1. Introduction  28 

Ship navigation safety lies in accurate perception of the dynamic environment, such as spa- 29 

tial information in terms of nearby ships (Bläser et al., 2024). Precise perception represents 30 

the foundation of collision avoidance and navigation risk prevention, which calls for accurate 31 

target observation (for target identification), size estimation (for maneuverability assess- 32 

ment), and heading monitoring (for early warning of abnormal behaviors) (Liu et al., 2025). 33 

The development of spatial perception algorithms, however, transforms the ship operation 34 

from "Reactive Avoidance" to a "Proactive Prediction" manner.  35 

Multi-modal sensor fusion, including LiDAR, radar, Automatic Identification System (AIS), 36 

and visual sensing have been the fundamentals for navigation perception. To be specific, 37 

LiDAR provides high-precision point cloud and functions in less than 500 meters, and its 38 

effectiveness is limited by increased cost in the mid-to-long-range perception scenarios; Ra- 39 

dar operates at all-weather conditions but suffers from high false alarm rates in complex 40 

weather conditions (Ma et al., 2024); AIS system generates comprehensive monitoring data 41 

for navigation perception, but, in real application scenarios, it is challenged by data errors, 42 

update delays, vulnerability to spoofing attacks, and high maintenance costs (Li et al., 2022; 43 

Xin et al., 2025).  44 

Visual perception, simulating the human lookout mechanism in maritime navigation, offers 45 

unique advantages of navigation perception, like instantaneous spatial awareness, intuitive 46 

judgment of ship behavior, and distinct adaptability to lighting changes. Powered by deep 47 

learning-based feature extraction and pattern recognition, vision systems are able to exploit 48 

salient visual cues of ships to achieve robust target separation in complex backgrounds/en- 49 

vironments, at relatively low hardware cost (Meng et al., 2023). Specifically, 2D perception 50 

focuses on analyzing targets within the image (e.g., detection, classification, segmentation), 51 

enabling identification and localization in the camera view, while, 3D perception aims to re- 52 

construct spatial dimensions (e.g., estimating bearing, distance, size, and motion in real- 53 

world coordinates). Although network-based 2D ship detection shows promising perfor- 54 

mance, its inability to provide rich motion dynamics severely constrains practical deploy- 55 

ment in shipboard perception systems. The 3D perception, however, provides crucial geo- 56 

metric understanding for situational awareness and collision avoidance, it is noted that Mo- 57 

nocular 3D object detection has achieved notable progress with promising performance on 58 
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general-purpose datasets such as KITTI (Ge Geiger et al., 2012), nuScenes (Caesar et al., 2020), 59 

and Waymo (Sun et al., 2020), etc. However, its application to ship perception faces signifi- 60 

cant challenges as follows, wanting new solutions to be found:  61 

(1) The inherent physical characteristics of ships (e.g., aspect ratio variations) induce scale 62 

sensitivity and feature ambiguity. Methods like MonoCon (Liu et al., 2022) and MonoFlex 63 

(Zhang et al., 2021) rely on size priors deviating from real ship parameters, causing gradient 64 

vanishing in 3D bounding box regression. Further exacerbated by scarce ship samples in 65 

general datasets, model overfitting limits cross-scenario generalization.  66 

(2) Distant ship detection suffers from sparse pixels and the uncertainty in monocular depth, 67 

while close-range scenarios face multi-scale ships and high inter-class variation. Specifically, 68 

ship type diversity and varying movement distances complicate feature extraction, signifi- 69 

cantly challenging spatial localization and heading prediction.  70 

To this end, this paper proposes a novel detection algorithm, namely MonoStrong, to realiz- 71 

ing the monocular 3D object detection of ships. The rest of this paper is organized as follows: 72 

Section 2 reviews state-of-the-art methods in vision-based perception studies. Section 3 pre- 73 

sents the proposed ship 3D detection algorithm. Section 4 provides the results. Section 5 con- 74 

cludes the research.  75 

2. State of the art  76 

This section analyses the development of vision-based 3D object detection and feature ex- 77 

traction techniques such that to provide a framework for 3D detection of ships.  78 

2.1. Vision-Based 3D Object Detection  79 

Monocular 3D object detection has become a solution for cost-effective and efficient percep- 80 

tion in autonomous driving (Wang et al., 2021). However, the core challenge is the irreversi- 81 

ble loss of depth information from a single image, which leads to ambiguity in 3D spatial 82 

localization. To this end, end-to-end mapping, depth-assisted optimization, and implicit 83 

prior guidance approaches are developed. Specifically, the end-to-end mapping links image 84 

pixels to 3D parameters through global modeling. For instance, MonoATT employs a light- 85 

weight network to adaptively identify key image regions and dynamically extract multi- 86 

granularity primitive features, enhancing geometric cues for foreground objects (Zhou et al., 87 

2023); Depth-assisted optimization uses pre-trained depth estimation models or temporal in- 88 

formation to achieve explicit supervision. BA-Det, for instance, leverages multi-frame trajec- 89 

tory information from long video sequences and extracts temporal region-of-interest (RoI) 90 



 

features to achieve global optimization (He et al., 2023); Implicit prior guidance integrates 91 

geometric constraints or domain knowledge as a basis to enhance spatial reasoning. Notably, 92 

BEVHeight replaces depth estimation with pixel-wise height prediction to prevent localiza- 93 

tion failure caused by negligible depth differences between distant object tops and the 94 

ground (Yang et al., 2023). Moreover, to address the high cost of 3D annotation, Weak- 95 

Mono3D introduces a weakly supervised framework that requires only 2D bounding boxes 96 

and orientation labels for training, reducing the annotation burden (Tao et al., 2023).   97 

Stereo vision techniques leverage the geometric constraints of binocular cameras to build a 98 

physically interpretable framework for depth perception. The main approaches can be cate- 99 

gorized into: (1) 2D detection-driven methods reconstruct 3D objects by aligning RoI features, 100 

achieving high computational efficiency at the cost of reliance on stereo matching (Qin et al., 101 

2021; Pon et al., 2020); (2) pseudo-LiDAR methods convert depth maps generated via stereo 102 

matching into LiDAR-like point clouds, enabling the reuse of existing point cloud detection 103 

algorithms (Qian et al., 2020; Meng et al., 2024); (3) differentiable volumetric feature models 104 

(e.g., DSGN++) directly encode geometric and semantic information in 3D space, optimizing 105 

the propagation of 2D features to 3D through sliding slicing operations (Chen et al., 2022). In 106 

addition, multi-view detection techniques, based on surround-view camera systems, achieve 107 

panoramic perception by projecting multi-view features into a unified bird’s-eye view (BEV) 108 

space (Philion et al., 2020; Li et al., 2023; Zou et al., 2024). Although stereo or multi-view 109 

vision techniques offer advantages in spatial completeness and feature complementarity, 110 

their adoption is hindered by challenges such as complex multi-camera synchronization and 111 

calibration, computational burden from high-resolution BEV features, and cost caused by 112 

sensor redundancy. 113 

2.2. Visual Feature Extraction  114 

Traditional vision feature techniques (Kelvin et al., 2010; Felzenszwalb et al., 2010) require 115 

substantial expert knowledge while demonstrating constrained generalization, especially in 116 

complex scenarios. In contrast, contemporary deep learning-based methods, including Res- 117 

Net (He et al., 2016) and Transformer (Vaswani et al., 2017) have significantly improved fea- 118 

ture extraction capabilities in instance segmentation and object detection (Sigirci et al., 2022).  119 

Object detection methods can be broadly categorized into two-stage (Girshick, 2015; He et 120 

al., 2017) and one-stage approaches (Duan et al., 2019; Zhao et al., 2024). Due to the applica- 121 

tion of novel computational networks, one-stage algorithms have gradually become main- 122 

stream. For example, Object Detection with Transformers (DETR) achieves end-to-end 123 



 

detection, eliminating some conventional post-processing steps (Carion et al., 2020); YOLOv8 124 

uses a cross-stage block to incorporate dynamic label assignment, achieving accuracy com- 125 

parable to two-stage models (Sohan et al., 2024). In addition, the PP-YOLO series balance 126 

speed and performance through deformable convolution and optimized feature pyramid 127 

networks (Long et al., 2020). Meanwhile, rotation-aware detection models like H2RBox-v2 128 

address complex annotations via weakly supervised learning, promoting the deployment of 129 

detection algorithms in applications (Yu et al., 2023).  130 

In terms of deep learning-based visual perception, the early YOLO series evolved based on 131 

the Darknet backbone. To be specific, YOLOv2 adopted Darknet19, a 19-layer network with 132 

batch normalization, enabling fast inference but showing limited localization accuracy in 133 

complex scenes (Redmon et al., 2017); YOLOv3 was upgraded to Darknet53, incorporating 134 

residual connections to enhance the representational power of deeper networks while main- 135 

taining a good balance between speed and accuracy (Redmon et al., 2018); YOLOv4 with 136 

CSPDarknet53 optimizes information flow through a cross-stage partial (CSP) design, im- 137 

proving classification and detection efficiencies (Bochkovskiy et al., 2020). For lightweight 138 

solutions, MobileNetV3-Large employed depthwise separable convolutions to reduce pa- 139 

rameters, balancing performance and computational cost (Howard et al., 2019). On the other 140 

hand, for deep network optimization, ResNet-50/101 alleviated the gradient vanishing prob- 141 

lem via residual structures, enhancing perceptual capabilities. ResNeXt further introduced 142 

grouped convolutions, improving accuracy through multi-path feature fusion (Xie et al., 143 

2017). The evolution of these networks reflects a multidimensional exploration: from speed 144 

prioritization and lightweight adaptation to in-depth optimization. These advancements in 145 

2D perception have not only pushed the boundaries of image understanding but also laid a 146 

solid foundation for more complex 3D detection (Fan et al., 2024; Zhang et al., 2023).  147 

2.3 Novel contributions  148 

To this end, this paper proposes a novel detection algorithm, named MonoStrong, to realiz- 149 

ing the monocular 3D object detection of ships. The novel contributions include:  150 

(1) Design a channel attention-enhanced feature network to adaptively strengthen key visual 151 

feature channels related to 3D ship detection. It enables a comprehensive geometric struc- 152 

tural feature capture and improves the capability of representation of ships with com- 153 

plex/various shapes.  154 



 

(2) Develop a multi-scale feature fusion network with an attention mechanism to enhance 155 

discriminative feature representation. This allows the precise fusion of cross-scale feature 156 

mapping, thus improving long-range ship positioning.  157 

(3) Optimize the loss functions for 2D and 3D bounding box regression to enhance gradient 158 

propagation continuity and improve the heading angle estimation.  159 

(4) Construct a multi-scenario 3D visual perception dataset, named Kitti3D-Ship, to advance 160 

ship spatial localization and heading prediction.  161 

3. METHODOLOGY  162 

MonoStrong (see Figure 1) inherits the data processing workflow from MonoLSS (Li et al., 163 

2024) and introduces channel attention modules to strengthen 3D object feature extraction. 164 

Meanwhile, through improving the calculation of various loss components, the method ef- 165 

fectively boosts the accuracy of core metrics such as depth estimation, object size, and head- 166 

ing prediction. 167 

 168 
Figure 1. Overall structure of MonoStrong 169 

 170 



 

3.1. Feature extraction network  171 

Ships face challenges such as low contrast, dynamic backgrounds, and small-scale targets 172 

(e.g., distant targets), which reduces the ability of standard Deep Layer Aggregation (DLA) 173 

networks in distinguishing key semantic features from background noise. To this end, a 174 

Global Second-order Pooling (GSOP) channel attention mechanism (Gao et al., 2019) is intro- 175 

duced to dynamically calibrate channel weights and optimize feature representation. Its key 176 

advantage lies in suppressing redundant channel responses related to non-target back- 177 

grounds (e.g., waves, reflections), while enhancing activations corresponding to discrimina- 178 

tive ship structures (e.g., waterlines, cabin edges and bow). This enables the network to focus 179 

on highly distinctive regions, as shown in Figure 2. The integration of the GSOP mechanism 180 

into the DLA network enhances feature representation by modeling higher-order statistical 181 

dependencies between channels through global second-order pooling. The improved archi- 182 

tecture strengthens the network’s ability in representing 3D object attributes in dense or 183 

small-scale targets scenarios.  184 

 185 
Figure 2. GSOP-DLA Network. 186 



 

Given an input 3D tensor h w cX
    , where h w   represents the spatial dimensions and c  187 

is the number of channels, a 1 1  convolution is applied to reduce the channel dimension, 188 

resulting in ( )h w cY c c
     . The global second-order pooling operation captures second-or- 189 

der statistical dependencies between features by computing the covariance matrix in chan- 190 

nels, as:  191 
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Here, ,

c

i jY   represents the feature vector at spatial position (i, j). Subsequently, a convolu- 192 

tional layer combined with a Sigmoid activation function generates the channel weight vec- 193 

tor w , which is finally multiplied with the original input tensor X, as:  194 

 ( ( ) )oriw W vec b=  +  (2) 

 
outX X w=   (3) 

where ( )   is the standard Sigmoid function, Wori is the original weight matrix of the convo- 195 

lutional layer, vec(Σ) is the operation of flattening the covariance matrix, b is the preset bias, 196 

and Xout is the final output tensor.  197 

This process completes the recalibration of features by explicitly modeling higher-order sta- 198 

tistical relationships between channels, thus overcoming the limitations of traditional convo- 199 

lutions that rely solely on local linear transformations, corresponding to the first new contri- 200 

bution in Section 2.3.  201 

3.2. Feature fusion network  202 

The standard DLAUp network, which used in MonoLSS, achieves progressive multi-scale 203 

feature fusion via an inverse hierarchical IDAUp structure and grouped transposed convo- 204 

lutions, providing high-generalization multi-scale feature expressions for 3D object detection 205 

in general road scenario. However, in dynamic water environments, ship features are often 206 

obscured by low-light areas and dynamic backgrounds, where the standard DLAUp net- 207 

work's uniform feature weighting strategy struggles to distinguish valuable semantic clues 208 

from noise.  209 

To address these challenges, this paper introduces a channel attention module, based on the 210 

Mish activation function (Misra, 2019), into the DLAUp framework. It adjusts the contribu- 211 

tion of cross-level feature channels, suppressing redundant feature responses dominated by 212 

background noise (such as water ripples and hull reflections) while enhancing the activation 213 

intensity of key target components. For instance, in low-contrast scenarios, the attention 214 

mechanism boosts the weight of hull edge channels, improves the separation between 215 



 

contour features and the background, see Figure 3. The Mish-activated Squeeze-and-Excita- 216 

tion (SE) mechanism models high-order statistical correlations among channels related to 217 

depth and scale, and enhances the representation of geometric features for ship targets. 218 

Moreover, the smooth gradient property of the Mish function strengthens the network's abil- 219 

ity in extracting hierarchical features.  220 

 221 
Figure 3. DLAup-SE+ network.  222 

In the DLAup-SE+ module, a channel attention mechanism is constructed to dynamically 223 

calibrate feature channel weights through dynamic convolution to enhance multi-scale fea- 224 

ture representation. It uses feature map of the k-th layer kF  and Global Average Pooling 225 

(GAP) to generate channel weight vector kw  via a two-layer fully connected network with 226 

Mish activation:  227 

 
2 1( ( ( )))k kw W Mish W GAP F=   (4) 

where 1W  and 2W  are weight parameters in two fully connected layers, ( )   is the Sigmoid 228 

function, and the generated weight vector [0,1]kw   performs channel-wise feature recalibra- 229 

tion through element-wise multiplication, ultimately generating Fout, formulated as:  230 



 

 
out k kF F w=   (5) 

This operation enhances the response intensity of critical channels (such as ship contours) by 231 

driving ( 1)kw → , while suppressing background noise interference (such as water surface re- 232 

flections) by driving ( 0)kw → .  233 

Furthermore, multi-scale features are seamlessly integrated through recursive fusion via the 234 

DLAup module. In summary, the resulting output feature map effectively combines multi- 235 

scale information through adaptive hierarchical weighting, simultaneously preserving fine- 236 

grained shallow details and rich deep semantic representations. This comprehensive feature 237 

integration significantly enhances ship detection robustness and target localization precision, 238 

reflecting the second contribution in Section 2.3.  239 

3.3. Loss Function Optimization  240 

The optimization of loss functions determines the model's training direction and improves 241 

convergence efficiency. MonoStrong employs a "2D+3D" joint optimization loss function 242 

framework. Specifically, the 2D bounding box regression loss aims to simultaneously opti- 243 

mize size prediction and offset localization to improve image feature-associated modelling. 244 

It designs an improved smooth loss function and an adaptive learning mechanism by the 245 

following.  246 

The size prediction error and offset prediction error of the 2D bounding box are constrained 247 

using an improved Smooth L1 loss function. Knowing the prediction value p and target value 248 

t, the loss function 
smoothL  is:  249 

 20.5 ( ) / ,
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0.5 ,
smooth

p t p t
L p t
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 



 − − 
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(6) 

Here, 1.0 =  is a smooth transition threshold. The quadratic term suppresses gradient oscil- 250 

lations for small errors, while reverting to a linear form for large errors to maintain optimi- 251 

zation stability. It is to achieve a balance between gradient smoothness and convergence ef- 252 

ficiency.  253 

To further enhance the model's learning capability for occluded and small-scale targets, a 254 

dynamic weighting function is introduced whose weight value is generated through a non- 255 

linear mapping of the prediction error, as:  256 

 2
( , ) 1

1
p t

w p t
e
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= −
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where,   is a preset regulatory factor. The weighting function maps the absolute error p t−  257 

within [0, 1], assigning higher weights to larger errors to amplify their gradient contributions 258 

during backpropagation. Accordingly, the size loss sizeL  and offset loss offsetL  are computed 259 

as:  260 
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(9) 

Here, N denotes the number of valid samples. ( ) ( )( , )i i

size sizep t  represents the predicted and ground 261 

truth dimensions of the target 2D bounding box. Similarly, 
( ) ( )( , )i i

offset offsetp t  represents the pre- 262 

dicted and ground truth offsets of the target. The dynamic weighting mechanism enables the 263 

model to automatically focus more on samples with larger prediction errors. The weighted 264 

sum of both terms forms the total loss 2D size offsetL L L= + . Such an adaptive strategy enhances 265 

localization robustness in complex scenarios.  266 

To address the optimization instability caused by random parameter initialization during 267 

early training stages, a warm-up strategy is proposed. In the first 10warmT =  training epochs, 268 

the loss value increases linearly with training progress, where the ten-epoch duration is em- 269 

pirically determined through experimental validation. This process can be modeled as:  270 

 
2 ( ) min(1.0, )warm

D size offset

total

T
L L L

T
= + 

 
(10) 

where totalT  indicates the total training epochs. 2D object detection loss focuses on bounding 271 

box offsets and sizes within the image plane, while 3D box loss jointly models the target's 272 

geometric properties (including depth, offset, dimensions, and orientation). First, depth pre- 273 

diction errors are modeled using Laplace Uncertainty Loss as a basis to balance the residual 274 

distribution between predicted and ground truth values. Let the predicted depth d, the 275 

ground truth *d , and the prediction confidence be   (where higher   indicates greater un- 276 

certainty). The loss function is defined as:  277 

 2
log( )depthL d d 



= − +
 

(11) 

Here, the first term 2 d d


−  adjusts the residual weight by confidence  , causing high- 278 

uncertain samples and generating weaker gradients. The second term log( )  acts as a regu- 279 

larization term to prevent   from growing excessively. To further enhance semantic con- 280 

sistency in depth prediction, attention mask mechanism is introduced in later training stages. 281 



 

High-response regions are extracted from the attention map attnM , focusing the model on sa- 282 

lient features, as:  283 

 ( ) ( )

1

1 N
i i

depth depth attn

i

L L M
N =

=  
 

(12) 

Here, 
( )i

depthL  is the depth loss value of the i-th target calculated based on Equation (11). And 284 

attnM  is generated via Gumbel-Softmax, which suppresses background noise and improves 285 

the geometric accuracy of depth estimation.  286 

The prediction errors for 3D offsets 3do  and dimensions 3ds  are defined using an improved 287 

weighted loss function. For a predicted value p and its corresponding ground truth t, the loss 288 

function is formulated as:  289 
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(13) 

Here, 1.0 =  is a common parameter threshold derived from standard mathematical con- 290 

ventions for loss smoothing. Additionally, a dynamic loss adjustment mechanism is con- 291 

structed, which is expressed as:  292 
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The offset loss 3offset dL  and size loss 3size dL  are independently calculated by:  293 
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Here, ( ) *,( )

3 3( , )i i

d do o  represents the predicted and ground truth values of the target's 3D offsets, 294 

respectively. Similarly, ( ) *,( )

3 3( , )i i

d ds s  represents the predicted and ground truth values of the tar- 295 

get's 3D sizes, respectively.  296 

To mitigate parameter instability during early training, a warm-up strategy is applied, line- 297 

arly scaling the loss over the first 10warmT =  epochs:  298 

 
3 3 min(1.0, )warm

offset d offset d

total

T
L L

T
= 

 
(17) 

 
3 3 min(1.0, )warm

size d size d

total

T
L L

T
= 

 
(18) 

Here, the choice of 10warmT =  is based on empirical observations that parameter gradients typ- 299 

ically stabilize within this timeframe. In addition, totalT  indicates the total training epoch.  300 



 

The heading angle prediction is achieved through joint classification and regression. The 301 

heading angle is discretized into K=24 directions, providing 15-degree angular resolution 302 

(360°/24) that balances directional precision with computational efficiency, with the classifi- 303 

cation prediction of Kc . The loss function consists of classification loss and regression 304 

loss. For the classification loss, label-smoothed cross-entropy is adopted to mitigate overfit- 305 

ting:   306 
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Here,   is set to 0.9 based on experimental experience, which provides an effective balance 307 

between maintaining confidence in the correct direction while allowing reasonable uncer- 308 

tainty for neighboring angular classes, and k represents the predicted class, and *k  is the 309 

ground-truth class. ( )   denotes the Kronecker delta function, and kc  represents the pre- 310 

dicted probability for the k direction.   311 

For the regression loss, a learnable uncertainty parameter   is introduced, where a higher 312 

value indicates greater uncertainty. The weighted regL is defined as:  313 
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(20) 

Here, N is the total number of samples, ( )i  denotes the predicted angle offset for the i-th 314 

sample, and *,( )i  represents its ground-truth value. The heading loss combines classifica- 315 

tion and regression through adaptive weighting:  316 

 (1 )heading cls regL L L = + −  (21) 

Here, (0.1 ( 6))sigmoid k = −  is a balance factor, and k  is the average classification score.  317 

The total 3D bounding box loss is formulated as a weighted sum of the sub-losses:  318 

 3 3 3D depth offset d size d headingL L L L L= + + +  (22) 

4. CASE STUDY  319 

4.1. Dataset  320 

A monocular 3D vision perception dataset designed for inland ships, Kitti3D-Ship, is applied 321 

in this case study. Adhering strictly to the standard KITTI format, Kitti3D-Ship integrates 322 

multi-perspective data from shore-based fixed observation points and moving ship plat- 323 

forms. The images were collected successively from February 2025 to April 2025 across the 324 

Beijing-Hangzhou Grand Canal (e.g., Hangzhou section, Zhenjiang section, Yangzhou 325 



 

section), Huai River waters, and the Yangtze River (e.g., Jiangsu section) in China. Typical 326 

image examples are shown in Figure 4.  327 

  328 
a. Bridge vicinity  329 

  330 

b. Unobstructed water area  331 

  332 

c. Port waters  333 

   334 
d. Berthing area  335 

  336 
e. Lock channel  337 

Figure 4. Images of various scenarios in the Kitti3D-Ship dataset 338 

For robust all-weather data collection, low-light and visible-light cameras are deployed for 339 

multi-spectral imaging. This setup, however, introduces cross-scene pixel variations. Hence, 340 

bilinear interpolation is applied to align image density distributions, thereby enhancing con- 341 

sistency over multi-source images. The dataset comprises 6,950 annotated samples, split into 342 

training (60%), validation (30%), and test (10%) sets. Each sample includes a monocular RGB 343 

image paired with corresponding labels and calibration files, featuring high-precision 3D 344 

ship bounding boxes, heading angles, dimensions, and sensor calibration matrices. The pro- 345 

posed dataset serves as a valuable resource for advancing 3D perception in maritime navi- 346 

gation and autonomous ship research.  347 

 348 



 

4.2. Training optimization  349 

To maintain general visual representation capabilities while adapting to ship features, the 350 

shallow convolutional layers of the backbone network were frozen, allowing only fine-tuning 351 

of higher-level semantic feature extraction layers. It ensures stable convergence and gradual 352 

adaptation to the specific feature distribution of ship targets. An adaptive cosine annealing 353 

decay mechanism was implemented to adjust the learning rate following a smooth cosine 354 

curve. Formally:  355 

 
min max min0.5( )(1 cos( ))t

t

T
    = + − +

 
(23) 

where T is the total number of training epochs, t represents the current training epoch, with 356 

max  and min  are preset upper/lower bounds. This mechanism maintains a high initial rate 357 

for rapid convergence, refines gradients via cosine curvature mid-training, and late-stage 358 

training fixes the rate at min  to optimal parameters.   359 

To enhance hierarchical learning of ship fine-grained features, a three-phased feature decou- 360 

pling training framework is proposed. To be detailed, phase 1 trains on a small amount of 361 

image samples to establish macro-feature representations (e.g., hull contours and aspect ra- 362 

tios); phase 2 improves generalization by incorporating multi-source sensor images; Phase 3 363 

tackles hard samples (e.g., lighting variations, occlusions, glare) to learn robust features in 364 

various scenarios.  365 

4.3. Training  366 

The experiments were conducted on Ubuntu 20.04 with 4×NVIDIA A100 GPUs (120GB 367 

VRAM), using CUDA 11.7.0, PyTorch 1.13.1, and Python 3.8. The key preset configurations 368 

of methods are listed in Table 1.  369 

Table 1. Initial Training Parameters 370 

Parameters Value / Setting 

Initial Learning Rate 0.0001 

Learning Rate Decay 0.1 

Weight Decay 0.000001 

Batch Size 32 

Image Input Size 2560×768 

Warmup Enabled True 

Training Epochs 1400 

LR Decay Milestones [400, 800, 1200] 



 

As shown in Figure 5, MonoStrong's training losses (including depth loss, 2D/3D box offset 371 

& size loss, and orientation loss) converged to values under the above parameter settings. 372 

Notably, the gradient dynamics remained highly coordinated, demonstrating stable training 373 

and improved learning effectiveness.  374 

   375 

   376 

Figure 5. Convergence process of various types of losses 377 

4.4. Comparisons and Discussions  378 

Four core metrics are adopted to verify the performance of the proposed method: 2D detec- 379 

tion accuracy (IoU@0.7), heading accuracy, 3D localization (IoU@0.7/0.5/0.3), and BEV local- 380 

ization (IoU@0.7/0.5/0.3) (Li et al., 2024). Additionally, multi-resolution testing to assess scale 381 

adaptability, comparative analysis against SOTA methods, ablation studies to quantify mod- 382 

ule-wise contributions, and visual comparisons highlighting MonoStrong's advantages over 383 

baselines.  384 

A. Detection performance with different image resolutions  385 

Input image resolutions affect the accuracy of 3D object detection. The experiment utilized 386 

300 randomly selected images from Kitti3D-Ship (test sub-dataset). The results of MonoS- 387 

trong under two resolutions (1280×384, 2560×768) are compared with that of MonoLSS, 388 

MonoCon, MonoDLE (Ma et al., 2021). 3D localization accuracy (IoU@0.5), BEV localization 389 

(IoU@0.7), and heading are indicators of performance, see Table 2. The result indicates that 390 

increasing resolution to 2560×768 will improve the performance of all detection models, as 391 

evidenced by the 12.97% improvement observed in MonoLSS' 3D localization. Meanwhile, 392 



 

MonoStrong, leveraging a channel-attention-enhanced feature extraction network, enhanced 393 

distance estimation at 2560×768, achieving 89.34% heading accuracy while maintaining 10 394 

FPS on an NVIDIA 3090 GPU. This demonstrates MonoStrong’s ability to balance high-reso- 395 

lution geometric modeling with computational constraints.  396 

Table 2. Algorithm Performance in Resolutions (%)  397 

Sizes Indexes MonoStrong MonoCon MonoDLE MonoLSS 

2560×768 

3D 78.11 40.28 33.22 47.10 

BEV 59.41 21.58 18.54 22.27 

Heading 89.34 65.71 55.82 70.24 

1280×384 

3D 56.97 23.32 22.19 34.13 

BEV 47.52 16.84 9.45 15.28 

Heading 69.74 46.72 41.94 52.14 

B. Comparisons  398 

Table 3 lists the 3D perception performance of algorithms on the Kitti3D-Ship (validation 399 

sub-dataset) at 2560×768 resolution. MonoStrong achieves a 38.13% localization precision un- 400 

der IoU@0.7, representing a 30% improvement over competing methods. The model attains 401 

59.41% BEV localization accuracy (at IoU@0.7), a 31.14% performance gain compared to 402 

MonoLSS. Notably, the model's heading estimation performance surpasses existing meth- 403 

ods. This advantage stems from its novel orientation-aware loss function that jointly opti- 404 

mizes global ship structure and local visual features.  405 

Table 3. Performances of algorithms on Kitti3D-Ship Val. Set (%)  406 

Indexes MonoStrong MonoFlex MonoCon MonoDLE MonoLSS Smoke(Liu et al., 2020) 

3D (IoU@0.7) 38.13 2.11 8.10 3.37 8.49 3.14 

3D (IoU@0.5) 78.11 24.79 40.28 33.22 47.10 27.02 

3D (IoU@0.3) 88.57 47.74 64.91 50.46 66.26 46.98 

BEV (IoU@0.7) 59.41 7.84 21.58 18.54 22.27 9.84 

BEV (IoU@0.5) 82.84 32.91 50.86 38.79 53.56 35.81 

BEV (IoU@0.3) 88.87 49.88 66.79 54.72 67.69 50.04 

Heading 89.34 54.25 65.71 55.82 70.24 50.97 

2D (IoU@0.7) 89.57 61.91 70.02 61.43 74.41 57.66 

Comparative experiments under identical network architectures and parameters reveal a no- 407 

table performance disparity: BEV detection accuracy substantially exceeds that of full 3D de- 408 

tection. This stems from the differences in task complexity - BEV detection eliminates the 409 



 

challenging height estimation requirement inherent to 3D detection, instead focusing exclu- 410 

sively on 2D spatial coordinate prediction within the ground plane.  411 

C. Ablation experiments  412 

As demonstrated in Table 4, a comparative analysis between GSOP-DLA and baseline mod- 413 

els reveals that GSOP-DLA achieves robust performance with 78.34% 3D detection accuracy 414 

at IoU@0.5, surpassing DLA34 by 13.49%. In feature fusion design, the enhanced DLAup- 415 

SE+, incorporating channel attention mechanisms, shows improvements over DLAup, con- 416 

firming its effectiveness in 3D feature selection.  417 

Table 4. Ablation Results (%).  418 

 3D(IoU@0.5) BEV(IoU@0.5) Heading 

DLA34 64.85 69.14 80.15 

DLA60 65.22 68.41 77.83 

ResNet-50 52.32 58.85 72.76 

GSOP-DLA 78.34 81.22 88.91 

DLAup 67.43 73.57 85.32 

DLAup-SE+ 76.63 81.46 89.72 

Original settings 15.98 23.31 41.30 

+2D loss 60.53 67.22 78.33 

+Depth loss(3D) 63.33 72.25 81.28 

+Size and offset loss(3D) 68.94 74.36 82.13 

+Heading loss(3D) 75.27 79.32 87.76 

Original settings 65.94 73.36 82.11 

+Training optimization 73.11 80.32 89.76 

Systematic validation reveals the critical role of the "2D+3D" joint loss function in monocular 419 

ship 3D detection performance. The improved Smooth L1 loss, combined with a dynamic 420 

error weighting mechanism, improves the stability of 2D/3D bounding box regression. The 421 

dynamic weight function employs nonlinear mapping to amplify gradient contributions 422 

from high-error samples, rapidly boosting 3D localization accuracy (IoU@0.5), while gradient 423 

smoothing accelerates early-stage convergence. For depth estimation, probabilistic modeling 424 

with Laplacian uncertainty loss effectively mitigates monocular scale ambiguity, reducing 425 

the relative depth error of distant ships from 36.9% to 12.8%. The weighted smooth loss, in- 426 

tegrated with ship-class priors, decreases BEV localization error by 7.14% and size estimation 427 

error by 16.3%. Additionally, the hybrid classification-regression framework for heading 428 



 

prediction, incorporating label smoothing and uncertainty weighting, reduces close-range 429 

heading error by 55.6%.  430 

The experiment evaluated multiple training strategies for optimizing the MonoStrong algo- 431 

rithm. Results demonstrate that a progressive warmup strategy—linearly increasing the 432 

learning rate from 1e-5 to 1e-4 over the first 10 epochs combined with parameter freezing— 433 

effectively mitigates parameter oscillation in deep neural network training. Replacing tradi- 434 

tional step decay with adaptive cosine annealing accelerated convergence speed by 23.2% on 435 

the training set. These optimizations enabled MonoStrong to achieve 73.11% 3D detection 436 

accuracy (IoU@0.5) on the full test set, validating their effectiveness for detection model train- 437 

ing.  438 

D. Algorithm Comparison for Ship Image Detection  439 

Figure 6 demonstrates the comprehensive capability of the MonoStrong framework in mo- 440 

nocular 3D ship detection across varying operational ranges, showcasing its adaptive perfor- 441 

mance characteristics under diverse maritime conditions.  442 

Long-range Detection (500-1000m): For distant targets, MonoStrong achieves an impressive 443 

89% BEV accuracy through its advanced semantic feature extraction mechanism and multi- 444 

scale feature fusion architecture. The framework's ability to preserve critical texture details 445 

via shallow convolutional layers proves particularly crucial at extended ranges, where other 446 

methods often struggle with feature degradation and information loss. This performance 447 

demonstrates the model's capacity to maintain discriminative features even when ships ap- 448 

pear as small objects with limited pixel representation.  449 

Medium-range Detection (200-500m): Within the intermediate detection range, MonoS- 450 

trong's cross-scale feature alignment strategy significantly enhances contour recognition ca- 451 

pabilities, resulting in a robust 82% 3D localization accuracy at IoU@0.5. This range repre- 452 

sents a critical operational zone where precise object boundary delineation becomes essential 453 

for accurate attitude estimation and dimensional analysis. The cross-scale alignment mecha- 454 

nism effectively bridges the gap between coarse semantic understanding and fine-grained 455 

spatial localization, enabling the model to capture both global ship structure and local geo- 456 

metric details.  457 

Close-range Detection (0-200m): For near-field targets, MonoStrong maintains satisfied accu- 458 

racy in both distance measurement and heading prediction, demonstrating its versatility 459 

across the entire operational range. At close range, where ships occupy larger portions of the 460 

image frame, the model leverages its enhanced feature representation to provide precise 461 



 

spatial coordinates and orientation estimates, which are crucial for navigation safety and col- 462 

lision avoidance.  463 

Figure 7 demonstrates the detection capabilities across various challenging samples. MonoS- 464 

trong successfully identifies small-scale targets—those with fewer than 30 longitudinal pixels 465 

or beyond 900 meters. Furthermore, MonoStrong maintains its high accuracy even when 466 

ships are partially occluded or truncated. It's built-in feature selection mechanism enables 467 

robust 3D reconstruction even with partial visibility, avoiding localization errors from miss- 468 

ing local features. However, in extreme occlusion cases with severely insufficient pixel-level 469 

features, detection failures may still occur, indicating a need for further optimization. 470 

 471 
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Figure 6. Ship 3D detection under multi-source images. White semicircle marks a detection 472 

range of 300 meters.  473 
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Figure 7. Ship detection under difficult samples  481 



 

Figures 8 and 9 present the ship detection of MonoStrong, MonoLSS, MonoCon, and Mono- 482 

DLE algorithms under small-scale ships, crossing ships, and dense ship clusters. In small- 483 

scale ship detecting, MonoStrong delivers more accurate results than alternative algorithms. 484 

MonoDLE and MonoCon exhibit varying degrees of missed detections or false positives, 485 

along with limited positioning precision. While MonoLSS detects targets, its confidence 486 

scores and localization accuracy remain inferior to MonoStrong. Thus, it conforms MonoS- 487 

trong’s ability to focus on key features of small-scale ships, enhancing long-range perception.  488 

For crossing ship scenarios, due to large heading variations and high pixel-level similarity 489 

between ships, some targets are difficult to identify accurately. However, MonoStrong effec- 490 

tively suppresses feature interference caused by pixel similarity, maintaining high prediction 491 

precision. In dense ship environments, all methods suffer from missed detections when iden- 492 

tifying distant small targets, yet MonoStrong maintains more stable performance. Overall, 493 

MonoStrong demonstrates clear advantages in ship detection under challenging conditions.  494 
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Figure 8. Performance Comparison of Ship Detection - FPV  498 
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Figure 9. Performance comparison of ship detection - BEV 503 

E. Validation  504 

A validation is implemented to test the adaptability of the proposed method in general tasks. 505 

Figure 10 demonstrates MonoStrong's ability in object detecting based on sample images 506 

from the standard KITTI dataset. In open road scenes (Fig. 10a), MonoStrong achieves high 507 

depth estimation accuracy for distant vehicles. Experiments show that MonoStrong delivers 508 

reliable 3D bounding box detection when the target's minimum bounding box width exceeds 509 

25 pixels, effectively mitigating scale ambiguity-induced localization drift in monocular vi- 510 

sion. For closely parked vehicles (Fig. 10b), MonoStrong precisely separates 3D bounding 511 

boxes in overlapping regions. It maintains strong robustness against partial occlusion with- 512 

out false detections, ensuring stable performance. Under extreme lighting conditions (Fig. 513 

10c), the algorithm exhibits low positional error variance, demonstrating effective suppres- 514 

sion of overexposure noise in backlit scenarios.  515 
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Figure 10. Adaptability validation of MonoStrong  525 

5. Conclusions  526 

The paper proposes a monocular 3D object detection algorithm, MonoStrong, tested in inland 527 

waterway scenarios, achieving high-precision perception of ship spatial information. A key 528 

innovation is the custom-designed target 3D feature extraction network, enhanced with 529 

channel attention mechanisms that adaptively strengthen geometric feature representation. 530 

It addresses scale sensitivity caused by large variations in ship aspect ratios and vertical scale 531 

compression. Additionally, a multi-scale feature fusion network is proposed, which inte- 532 

grates cross-level convolutional features and attention mechanisms, to enhance detection ro- 533 

bustness under occlusion and truncation. The method further improves the association be- 534 

tween 2D and 3D bounding boxes through new optimized loss functions, reducing uncer- 535 

tainties in distance and heading estimation. The proposed method leads to more stable head- 536 

ing predictions for nearby ships and improved localization accuracy for distant targets af- 537 

fected by sparse pixel features. Future work could be conducted to further enrich the 538 



 

KITTI3D-Ship dataset by integrating real and synthetic ship samples under extreme condi- 539 

tions, covering more complex viewpoints and scenarios.  540 
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