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A B S T R A C T 

Maritime navigation systems require continuous perception of 
surrounding vessels and floating objects to support collision awareness 
and proximity assessment. Image-space detection metrics alone do not 
provide physically interpretable range or motion information. In the 
absence of stereo or active depth sensors, monocular vision must rely on 
geometric projection constraints to infer metric distance. Sensitivity of 
such estimation increases as object pixel scale decreases, particularly in 
open-water scenes where target size varies significantly with range. This 
paper fills the gap by implementing and evaluating of a real-time 
monocular maritime perception pipeline integrating object detection, 
multi-object tracking, and geometric distance–velocity estimation. 
Detection is performed using a YOLO-based one-stage architecture at 
640×640 resolution. Tracking employs a constant-velocity state model 
with IoU-based association. Distance is computed using a calibrated 
pinhole projection model with class-level height priors. Radial velocity is 
derived through temporal differencing of estimated range. Experiments 
were conducted using Ultralytics (PyTorch backend) on NVIDIA A100-
SXM4-40GB hardware. Detection achieved average precision of 0.949 and 
F1 score of 0.92. 
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1. INTRODUCTION 
 
Ocean navigation requires continuous awareness 
of surrounding vessels, auxiliary craft, offshore 
structures, and human targets [1]. In open-water 
environments, visual perception operates under 
non-stationary backgrounds, wave-induced 
occlusion, specular reflections, and variable 

illumination [2]. These conditions differ from 
structured terrestrial traffic scenes where lane 
geometry and object scale remain comparatively 
constrained. In maritime imagery, bounding box 
height for distant vessels may decrease below 30 
pixels at 640×640 resolution, limiting reliable 
geometric interpretation [3].  
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Conventional maritime situational awareness 
relies primarily on radar and Automatic 
Identification System (AIS) [4]. Radar provides 
range and bearing independent of lighting 
conditions but exhibits reduced resolution for 
small craft and near-surface objects [5]. AIS 
supplies positional information for cooperative 
vessels; however, small boats, fishing vessels, and 
life-saving equipment frequently operate without 
active transmission. Vision-based perception 
complements these systems by enabling fine 
spatial discrimination at short and mid-range, 
particularly for non-cooperative targets [6]. 
 
Deep convolutional object detectors have 
demonstrated robust image-space performance 
across heterogeneous maritime datasets. 
Architectures derived from [7] achieve real-time 
inference while preserving multi-scale feature 
representation. Subsequent refinements, 
including improved feature pyramid aggregation 
and regression loss formulations, have improved 
localization stability for large and moderately 
sized objects [6]. Maritime-specific benchmarks 
reported high precision for swimmer and vessel 
categories under controlled splits [1]. Small-
object detection studies demonstrate that 
detection performance degrades as object pixel 
coverage decreases due to backbone down-
sampling and feature quantization [3]. 
 
Image-space detection metrics quantify 
classification and localization performance but 
do not yield metric distance or relative motion 
[8]. Collision risk assessment requires physically 
interpretable range and velocity estimates [9]. 
Stereo cameras, LiDAR, and radar provide direct 
depth measurements but introduce hardware 
cost, calibration requirements, and 
environmental sensitivity [10]. Spray, glare, and 
reflective water surfaces may degrade active 
sensing reliability. Monocular systems offer 
reduced hardware complexity but require 
explicit geometric modeling to convert pixel 
measurements into metric space [11]. 
 
Several maritime perception systems evaluate 
detection and tracking performance 
independently. Few integrate detection, tracking, 
and monocular geometric estimation into a 
unified real-time configuration while explicitly 
analyzing projection sensitivity and operational 
stability thresholds. Reported systems often 
emphasize mean average precision without 

characterizing metric conversion behavior under 
pixel-scale constraints. 
 
The objective of this paper is to design and 
experimentally evaluate a real-time monocular 
maritime perception framework that integrates 
deep object detection, identity-consistent 
tracking, and geometrically grounded distance–
velocity estimation under open-water conditions, 
and to quantify its stability characteristics within 
defined pixel-scale regimes. 
 
2. METHODOLOGY 
 
The implemented framework integrates object 
detection, multi-object tracking, and monocular 
geometric distance–velocity estimation within a 
single processing pipeline. The design reflects 
deployment constraints typical of maritime 
embedded systems: limited sensor modality, 
variable environmental conditions, and real-time 
processing requirements. Each component is 
described with explicit assumptions and 
parameterization. 
 
Fig. 1 illustrates the processing pipeline 
implemented in the experiments. An RGB frame 
acquired under open-water conditions is resized 
to 640 × 640 and passed to the YOLOv11n 
detector the network outputs bounding box 
coordinates, class indices, and confidence scores 
for 17 predefined maritime categories. No 
external priors or sensor fusion inputs are 
introduced at this stage. Detection operates 
purely in image space. Detections exceeding the 
selected confidence threshold (0.342) are 
forwarded to a SORT tracker. The tracker applies 
a constant-velocity Kalman filter defined in image 
coordinates and performs IoU-based data 
association. State propagation includes bounding 
box center, scale, and velocity components. 
 
Tracks are terminated after three missed frames. 
Identity continuity is therefore bounded by 
short-term motion consistency and detection 
stability. For each active track, distance is 
computed using the pinhole projection model 
with class-level height priors and fixed focal 
length. No adaptive scale correction is applied. 
Velocity is obtained through temporal 
differencing of filtered distance estimates. The 
kinematic layer is therefore a deterministic 
transformation of detection geometry. 
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Fig. 1. Our proposed Integrated Detection–Tracking–Monocular Range and Velocity Estimation Framework. 

 
All modules operate sequentially within a single 
real-time inference loop. The framework does not 
integrate radar, stereo disparity, LiDAR, AIS, or 
learned monocular depth networks. Reported 
range and velocity outputs are projection-
derived quantities conditioned on bounding box 
stability and class height assumptions. 
Operational behavior is therefore constrained by 
pixel-scale sensitivity and tracking continuity, as 
quantified in subsequent sections. 
 
2.1 Dataset and Data Preparation 
 
The experimental dataset contains 10,950 RGB 
maritime images annotated in YOLO format 
across 17 object categories. The taxonomy 
includes large commercial vessels (cargo ships, 
container ships, tankers, passenger vessels), 
auxiliary and support craft (tug boats, fishing 
boats, small boats), offshore structures (rigs), 
navigational aids (buoys), and human-related 
classes (human, life raft, life boat). Images were 
collected in coastal and offshore daylight 
environments under varying sea states. 
Nighttime imagery, thermal modalities, and 
heavy-weather scenarios are not represented. 
 
A deterministic split was performed using a fixed 
random seed (seed = 0), resulting in 9,110 
training images and 1,840 validation images. The 
validation subset contains 4,995 annotated 
object instances. Class distribution is strongly 
imbalanced, with the largest class exceeding the 
smallest by more than two orders of magnitude. 
No resampling, focal weighting, or synthetic 
balancing strategy was introduced. Performance 
therefore reflects learning under natural long-
tailed frequency conditions. 
 
 
 
 

Table 1. Class-wise Instance Distribution (Validation 
Set). 

Class 
ID 

Class Name Instances 
Proportion 

(%) 

0 Human 1,617 32.4% 

1 Life raft 33 0.7% 

2 Life boat 90 1.8% 

3 Container ship 206 4.1% 

4 Cargo ship 1,298 26.0% 

5 Fishing boat 14 0.3% 

6 Boat 375 7.5% 

7 Sub marine 52 1.0% 

8 Navi ship 289 5.8% 

9 Passenger 
Vessel 

101 2.0% 

10 Barge 38 0.8% 

11 Buoy Light 21 0.4% 

12 Car carrier 93 1.9% 

14 Tanker 49 1.0% 

15 Tug boat 109 2.2% 

16 Rig 610 12.2% 

— Total 4,995 100% 

 
2.2 Detection Architecture and Training 

Configuration 
 
Object detection is performed using the 
YOLOv11n architecture (Ultralytics 8.3.203). The 
fused model contains 2.59 million parameters 
and requires approximately 6.3 GFLOPs at 640 × 
640 input resolution. The architecture consists of 
a CSP-based backbone for hierarchical feature 
extraction, a multi-scale feature aggregation 
neck, and an anchor-free decoupled detection 
head. Bounding box regression incorporates 
Distribution Focal Loss (DFL) to improve 
localization precision. 
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The total loss function is expressed as ℒ𝑡𝑜𝑡𝑎𝑙 =
ℒ𝑏𝑜𝑥 + ℒ𝑐𝑙𝑠 + ℒ𝑑𝑓𝑙 . Where; ℒ𝑏𝑜𝑥  represents the 

IoU-based localization loss, ℒ𝑐𝑙𝑠  denotes binary 
cross-entropy classification loss, and ℒ𝑑𝑓𝑙  refines 

bounding-box distribution estimation. No explicit 
class reweighting or focal modulation was 
applied, allowing baseline evaluation under 
imbalanced class frequencies. 

 

 
Fig. 2. Architecture of the YOLOv11 illustrating the backbone, feature aggregation neck, and multi-scale 
detection heads [12]. 

 
Training was conducted for 200 epochs using 
stochastic gradient descent with learning rate 
0.01, momentum 0.9, and weight decay 5 × 10⁻⁴. 
A cosine learning-rate schedule was applied. 
Batch size was 64. Automatic mixed precision 
was enabled to reduce computational overhead. 
Early stopping was disabled to allow full 
convergence. Random seed initialization was 
fixed at 0 to ensure reproducibility. 
 
YOLOv11n was selected as a compact one-stage 
detection architecture suitable for real-time 
deployment. The fused model contains 2.59 

million parameters and requires approximately 
6.3 GFLOPs at 640×640 input resolution. 
 
2.3 Multi-Object Tracking 
 
Temporal consistency is maintained using SORT 
(Simple Online and Realtime Tracking). The 
tracker employs a Kalman filter with a constant-
velocity motion model in image coordinates. 
State variables include bounding box center 
position, scale, and velocity components. Data 
association between detections and existing 
tracks is performed using Intersection-over-
Union (IoU) matching.  
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Tracks are initialized when detection confidence 
exceeds 0.35 and are terminated after three 
consecutive missed detections. Appearance 
embeddings are not used. Identity switches may 
occur during heavy occlusion or abrupt motion. 
The tracker is used solely to maintain temporal 
identity continuity for velocity computation; no 
trajectory smoothing beyond Kalman filtering is 
applied. 
 
2.4 Monocular Distance Estimation 
 
Distance estimation is derived from the pinhole 
camera projection model. For an object with 
known real-world height 𝐻𝑟𝑒𝑎𝑙 , focal length 𝑓 (in 
pixels), and observed bounding box height hhh 
(in pixels), the estimated distance 𝐷 is computed 

as 𝐷 =  
𝐻𝑟𝑒𝑎𝑙∙𝑓

ℎ
. Class-specific nominal heights 

were assigned based on typical maritime 
dimensions. For example, human height was set 
to 1.7 m. Superstructure reference heights for 
cargo vessels were assigned within 28–30 m. Tug 
boat cabin heights were approximated at 8–10 m. 
These values represent geometric priors rather 
than calibrated measurements. Intra-class 
dimensional variability is not explicitly modeled. 

Sensitivity analysis shows that: 
𝜕𝐷

𝜕ℎ
=

−
𝐻𝑟𝑒𝑎𝑙∙𝑓

ℎ2 . Distance error increases quadratically 

as bounding box height decreases. Empirically, 
targets with bounding box height below 
approximately 30 pixels exhibit unstable range 
estimates. No dynamic focal recalibration was 
performed. A fixed focal parameter derived from 
camera metadata was used throughout. 
 
2.5 Velocity Estimation 
 
Radial velocity is estimated via temporal 
differencing of consecutive distance estimates as 

𝑣𝑡 =
𝐷𝑡−1−𝐷𝑡

∆𝑡
, where Δt corresponds to the frame 

interval derived from video frame rate.  Velocity 
is computed only for tracks persisting at least 
three frames to suppress transient noise. 
Absolute ground-truth velocity is unavailable; 
therefore, estimates represent projection-based 
kinematic indicators rather than validated 
physical measurements. 
 
3. RESULTS 
 
This section reports detection performance, 
class-wise behavior, runtime characteristics, and 
observed stability of monocular distance–
velocity estimation under the experimental 
configuration. 

 

 
Fig. 3. Precision–Recall curves for all 17 maritime object classes. 

 
The class-wise Precision–Recall curves (Fig. 3) 
indicate heterogeneous performance across 
object categories. Large-vessel classes such as 
container ship, tanker, passenger vessel, and navi 
ship maintain high precision across broad recall 

intervals, with average precision values 
exceeding 0.98 in several cases. Human, life raft, 
and boat categories exhibit earlier precision 
decay as recall approaches unity, reflecting 
higher susceptibility to scale variation and 
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background interference. The fishing boat class 
demonstrates the lowest average precision 
(0.675), with a pronounced drop in precision at 
moderate recall levels. This behavior is 
consistent with intra-class variability and pixel-
scale limitations observed during validation. 
 
Overall performance reaches 0.949. The curve 
shape shows stable precision above 0.9 until 
recall approaches approximately 0.85–0.9, after 
which precision declines more rapidly. This 
decline corresponds primarily to small-object 
and minority classes. 
 
 
 

3.1 Distance and Velocity Estimation Stability 
 
Absolute metric accuracy cannot be reported due 
to absence of synchronized ground-truth range 
or velocity measurements. Evaluation is 
therefore restricted to geometric sensitivity 
behavior and temporal consistency observed in 
projection-based estimates. 
 
Figs. 4 (a–d) illustrate representative outputs 
under varying range and scale regimes. In Fig. 4a 
(large naval vessel under reduced visibility), the 
bounding box height remains sufficiently large to 
maintain stable geometric projection. Frame-to-
frame distance variation appears smooth despite 
atmospheric haze. 

 

  
a) b) 

  
c) d) 

Fig. 4. End-to-end inference outputs of the proposed monocular maritime perception pipeline, including 
bounding boxes, class labels, tracking IDs, and projection-based distance–velocity estimates (a, b, c, d). 

 
In Fig. 4b (fishing vessel at moderate range), the 
projected distance (≈1500 m) and velocity 
remain temporally coherent, reflecting adequate 
pixel coverage and consistent tracking identity. 
 
Fig. 4c presents two cargo vessels at extended 
range (~3000 m). Here, bounding box heights 
approach the lower stability threshold. Minor 
pixel-scale fluctuations translate into observable 
distance variance, consistent with the inverse-
square sensitivity described in Section 3. These 
targets operate near the unstable projection 

regime. The estimates were displayed but not 
filtered. 
 
Fig. 4d (single cargo vessel at ~2000 m) 
demonstrates improved stability relative to 
Figure c due to larger image-plane height. 
Distance projection remains visually consistent 
across frames when pixel height exceeds 
approximately 60 pixels. Below ~30 pixels, 
variance increases markedly. This transition 
aligns with the geometric sensitivity boundary 
derived from the projection model. 
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Reliability decreases when actual object height 
deviates from the assumed class prior, including 
superstructure variability, load-state differences, 
or partial occlusion. These effects were observed 
qualitatively. 
 
4. CONCLUSION 
 
A real-time monocular maritime perception 
pipeline integrating object detection, multi-
object tracking, and projection-based distance–
velocity estimation was implemented and 
evaluated under controlled experimental 
conditions. The detection component achieved 
average precision 0.92, F1 score of 0.949, on a 
1,840-image validation set containing 4,995 
annotated instances across 17 classes. Inference 
latency averaged 3.8 ms per frame on NVIDIA 
A100 hardware at batch size equal to one. 
 
Distance estimation was derived from bounding 
box height using a calibrated pinhole projection 
model with class-level size priors. Stability 
remained acceptable for objects whose bounding 
box height exceeded approximately 30 pixels. 
Projection sensitivity increased quadratically as 
pixel height decreased, leading to amplified range 
variance for distant small targets. Velocity 
estimates inherited this instability due to 
temporal differencing. 
 
The system demonstrates that a single RGB 
camera, combined with a lightweight one-stage 
detector and simple tracking, can produce 
temporally continuous, geometrically 
interpretable outputs under mid-range open-
water conditions. Absolute metric accuracy was 
not validated against external sensors. 
Performance under nighttime, severe weather, or 
embedded hardware constraints was not 
evaluated.  
 
This work therefore established feasibility of 
integrated monocular detection–tracking–
ranging within bounded geometric and 
environmental conditions. 
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