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Intelligent Detection of Container Surface Damage
Based on Scene Self-Adaptation and

Cascaded Network
Ruchen Li, Zixin Li, Shucong Liu, Yiru Wang, and Xinyi Yang

Abstract—To address the issues of variable lighting, category
confusion, and sample imbalance in container surface dam-
age detection under complex port environments, this paper
proposes an intelligent detection model integrating scene self-
adaptation preprocessing and cascaded deep learning. First, a
scene self-adaptation preprocessing module based on low-level
visual features is designed to automatically identify four typical
scenes (sunny, cloudy, night, rainy) and perform customized
image enhancement, thus improving the model’s robustness
against complex lighting conditions. Second, a cascaded multi-
label classification network with ResNet-50 as the backbone is
constructed, and lightweight sub-classifiers are added to achieve
refined discrimination of easily confused damage categories
(scratch-rust-damage and damage-hole); a two-stage dynamic
fusion architecture is further proposed to synergize the cascaded
classifier and YOLOv8n-seg under a confidence-driven strategy.
Experiments verify the model robustness through 5-fold cross-
validation and 3 groups of random seed experiments, with
results obtained on the public Port Container Surface Damage
Detection Dataset containing 1274 images, where the confidence-
driven dynamic fusion adopts dual thresholds (𝜏ℎ=0.8, 𝜏𝑙=0.4) and
weighted coefficients (𝑤1=0.6, 𝑤2=0.4) for model complementa-
tion. Experimental results show that the classification accuracy
reaches 87.60%, the instance segmentation mAP@0.5 reaches
0.744, and the inference speed is 35 FPS, significantly outper-
forming mainstream methods (e.g., Mask R-CNN, YOLACT) in
comprehensive accuracy-efficiency performance.

Key Words—Container Surface Damage Detection, Scene Self-
Adaptation Preprocessing, Cascaded Deep Learning, ResNet-50,
YOLOv8n-seg

I. INTRODUCTION

AS the core carrier of the global logistics chain, the
structural integrity of the outer surface of the container

directly determines the safety of cargo transportation and
the efficiency of port operations [1]. During long-term use,
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containers are prone to seven common types of damage, such
as holes, damage, and rust, due to factors such as mechanical
collisions, environmental corrosion, and structural fatigue [2].
Traditional artificial vision detection methods are inefficient
and subjective, making it difficult to meet the operational needs
of modern port automation and high throughput. The rise
of Computer Vision and Deep Learning technology provides
an effective solution for intelligent detection of container
damage [3]. This paper focuses on the automatic detection
and classification of seven types of damage on the outer
surface of containers [4]. In response to core challenges such
as complex natural lighting, visually similar damage, and
non-standard data annotation, it constructs an efficient and
intelligent detection system to facilitate the automated upgrade
of port inspections [5]. Our work complements recent real-time
container tracking and damage detection systems at seaports
[6] by providing enhanced classification accuracy through
cascaded networks for easily confused damage categories.

In recent years, with the booming development of global
trade, containers, as the core carriers of modern logistics, their
structural integrity directly affects cargo safety and turnover
efficiency [7]. The introduction of intelligent inspection sys-
tems is a critical path to improving port automation levels and
achieving cost reduction and efficiency improvement [8]. In
the intelligent operation and maintenance system of containers,
the rapid, accurate automatic detection and classification of
various damages on the outer surface are the primary prereq-
uisites for ensuring the safe service of containers and avoiding
cargo losses.

However, the actual port operation scenario is complex, and
image acquisition is affected by lighting factors such as day-
night alternation, sunny, cloudy, rainy, and snowy conditions,
resulting in problems such as uneven brightness and noise
interference. Moreover, the visual features of the seven types
of damage are similar, which easily leads to misjudgment by
the model and restricts the improvement of detection accuracy
[9]. The core reason is that existing models lack scene self-
adaptation ability and have not been optimized for confusing
categories.

In response to the above issues, existing research falls into
two categories: in terms of illumination optimization, image
enhancement or data augmentation methods are mainly used
to improve robustness [10, 11]; in terms of category confusion,
feature representation is often enhanced by strengthening the
backbone network or introducing an attention mechanism [12].
However, most existing methods separate preprocessing from
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model design, lack targeted optimization, and struggle to
balance accuracy and efficiency [13].

To address the aforementioned bottlenecks, this paper pro-
poses an intelligent detection model for container surface
damage, with the core innovation points as follows:

1) Design a scene Self-Adaptation preprocessing module
based on low-level visual features to automatically rec-
ognize four types of scenes, namely ”sunny, cloudy,
night, and rainy”, and apply customized enhancement
.

2) Construct a cascaded multi-label classification network
(hereinafter referred to as CCN, Cascaded Multi-label
Classification Network), and add sub-classifiers focusing
on the confusion sets of ”scratch-rust-damage” and
”damage-hole” to achieve refined discrimination.

3) Propose a two-stage dynamic fusion architecture to
synergistically leverage the positioning advantage of
YOLOv8n-seg and the classification advantage of the
cascaded classifier, thereby simultaneously improving
the accuracy of detection and segmentation.

This research is not an independent innovation of a single
module, but aims at the industrial needs of container damage
detection in complex port scenarios. It adopts an end-to-end
integrated design of scene adaptive preprocessing, cascaded
classification, and dynamic fusion detection-segmentation ar-
chitecture, solving three core industrial pain points: variable
lighting, category confusion, and sample imbalance, and real-
izing the coordinated optimization of detection accuracy and
real-time performance.

The subsequent structure of this paper is as follows: Chapter
2 provides a detailed description and analysis of the multi-label
recognition problem of container damage; Chapter 3 elaborates
on the overall architecture and core module design of the
proposed model; Chapter 4 validates the effectiveness of the
model through experiments; Chapter 5 summarizes the entire
paper and looks ahead to future research directions.

II. PROBLEM DESCRIPTION AND PRELIMINARIES

In the context of the rapid development of global trade,
intelligent ports and automated container logistics, the real-
time and accurate perception of container surface damage has
become an important part of ensuring transportation safety, im-
proving operational efficiency and reducing maintenance costs
[14]. Traditional container damage detection mainly relies on
manual inspection, which is easily affected by human factors
such as fatigue, experience difference and subjective judgment,
resulting in problems such as low efficiency, high cost, high
missed detection rate and false detection rate. With the wide
application of computer vision and deep learning in indus-
trial inspection, visual-based intelligent damage detection has
gradually become a research hotspot in the field of container
transportation safety. However, in actual port scenarios, the
collected container images are often accompanied by complex
and changeable background interference, large differences in
damage scales and shapes, unbalanced distribution of positive
and negative samples and various damage categories, as well

as high similarity between different damage types, which bring
great challenges to the accuracy and robustness of damage
detection models.

Aiming at the actual engineering requirements of container
damage detection in the process of transportation and han-
dling, this paper focuses on a series of typical problems
existing in real port scene images, including complex and
cluttered background environment, large scale variation of
damage areas from tiny scratches to large-area deformation,
extremely unbalanced sample number among different damage
categories, and high inter-class similarity that easily leads
to confusion in category recognition. On the basis of the
preliminary competition stage, in which the basic tasks in-
cluding binary classification of container damage existence,
coarse localization of damage regions, recognition of damage
categories and multi-dimensional quantitative evaluation of
model performance have been completed, this paper further
carries out in-depth research on model optimization and re-
construction strategies based on a newly constructed and more
comprehensive dataset. The goal is to realize the integrated
intelligent identification of damage existence classification,
high-precision spatial localization and fine-grained category
detection for seven typical types of damages on the outer
surface of containers, including cracks, dents, perforations,
rust and other common defects, and complete a comprehensive
and systematic re-evaluation and verification of the optimized
model.

The intelligent visual detection task of container surface
damage can be formally defined as a multi-task learning
problem in the field of computer vision, which integrates
multi-label classification, object detection and instance seg-
mentation, and mainly includes the following two interrelated
and mutually promoted sub-tasks:

1) Multi-label image classification task: Given an input
container image 𝐼 2 R𝐻�𝑊�3 (𝐼: container surface
image, 𝐻: image height, 𝑊 : image width) with height
𝐻, width 𝑊 and three RGB color channels, the model
is required to output a 7-dimensional binary vector
𝑦 2 f0, 1g7 (𝑦: binary label vector, 1=damage exists,
0=damage absent). Each dimension in the vector corre-
sponds to one type of damage, where the value 1 means
that the damage exists and 0 means that the damage does
not exist, so as to realize the simultaneous judgment of
the presence or absence of seven kinds of damages.

2) Instance segmentation task: On the basis of judging
the existence of damage, if one or more types of
damages appear in the image, the model needs to
further output complete instance-level information for
each independent damage, including the bounding box
𝐵𝑖 = „𝑥1, 𝑦1, 𝑥2, 𝑦2” (𝐵𝑖: bounding box of the 𝑖-th
damage, pixel coordinates) that accurately locates the
spatial position of the damage area, the class label
𝑐𝑖 2 f1, 2, ..., 7g (𝑐𝑖: class label of the 𝑖-th damage
instance) corresponding to the damage category, and the
pixel-level binary segmentation mask 𝑀𝑖 2 f0, 1g𝐻�𝑊
(𝑀𝑖: segmentation mask of the 𝑖-th damage, 1=damage
area, 0=background) that depicts the complete contour
and shape of the damage.
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To facilitate the understanding of the subsequent model,
the core symbols are explained in advance (see Appendix for
detailed definitions): 𝐵avg (average brightness), 𝐶std (contrast
standard deviation), 𝜏ℎ (high confidence threshold), 𝜏𝑙 (low
confidence threshold), 𝑤1 (segmentation network weight), 𝑤2
(CCN weight).

In practical port application scenarios, the above multi-task
damage detection task is confronted with two prominent and
critical challenges, which seriously restrict the improvement
of model performance [15].

First, the lighting conditions in the port scene are complex
and highly variable. In the actual collection process, container
images are affected by natural lighting, weather changes and
shooting angles, resulting in various interferences such as local
overexposure under strong direct sunlight, insufficient image
details under low illumination at night, and obvious reflection
interference on the ground and container surface in rainy and
humid days [16]. These unstable environmental factors often
submerge or distort the key visual features that are crucial
for damage recognition, such as the unique texture features
of rust, the clear edge contours of scratches, the structural
characteristics of deformation and the boundary information of
holes, which further lead to the offset and distortion of feature
distribution in the feature space, reduce the feature extraction
ability of the model, and greatly affect the generalization
performance in real scenes.

Second, the visual features between different damage cat-
egories are highly similar and easily confused. For example,
scratches, rust and surface damage have strong ambiguity in
color distribution, local texture and morphological structure;
deformation and holes are similar in local shape, edge continu-
ity and area distribution [17, 18]. These similarities make the
decision boundary of the model between similar categories
very blurred, and it is easy to produce a large number of
misjudgments in the process of classification and detection,
which directly leads to the decline of classification accuracy,
detection precision and recall rate, and makes it difficult to
meet the high-precision requirements of actual port inspection.

Therefore, aiming at the above practical application re-
quirements and key technical bottlenecks, the core research
objective of this paper is to design a lightweight, efficient
and end-to-end multi-task damage detection model suitable for
port scenes [19]. Our approach complements recent semantic
segmentation techniques for container corrosion detection [20]
by integrating scene-aware preprocessing for multi-category
damage classification. On the premise of ensuring real-time
inference performance with frame rate higher than 30 FPS
to meet the needs of actual online detection, the model can
significantly enhance the feature robustness under complex and
changeable lighting conditions, effectively suppress the inter-
ference of similar features between categories, and improve
the recognition accuracy of easily confused damage types.
Ultimately, the model is expected to achieve better comprehen-
sive detection performance than the existing mainstream object
detection and segmentation methods, with mAP@0.5 as the
main evaluation index for detection tasks and classification F1
score as the key index for classification tasks, so as to provide a
feasible and effective technical scheme for intelligent damage

detection in actual container transportation.

III. MODEL DESIGN

A. Overall Architecture and Base Line Model

The model uses ResNet-50[21] and YOLOv8n-seg[22] as
the basic framework, and the core improvement is the introduc-
tion of SAPM (Scene Adaptive Preprocessing Module), CCN
(Cascaded Multi-Label Classification Network) and Two-stage
Dynamic Fusion Detection Segmentation Module.

A multi-label classification base line model is constructed
using pre-trained ResNet-50 as the backbone network. Its
residual connection structure can effectively alleviate the prob-
lem of layer disappearance in deep networks and adapt to
the complex classification requirements of seven types of
defects (holes, damages, rust, scratches, surface deformation,
beam deformation, corner column deformation). The specific
structure of the network is shown in Table I.

TABLE I Network structure of damage classification based
on ResNet-50

Layer Output size Param. config Remarks

Input 224 � 224 � 3 - Preprocessed img
Conv 112 � 112 � 64 7 � 7 conv, s=2 Initial feature
Pooling 56 � 56 � 64 3 � 3 max pool Down sampling
Res block 1 56 � 56 � 256 3 bottleneck blocks Shallow feature
Res block 2 28 � 28 � 512 4 bottleneck blocks Middle feature
Res block 3 14 � 14 � 1024 6 bottleneck blocks Deep feature
Res block 4 7 � 7 � 2048 3 bottleneck blocks Advanced semantic
Global pooling 1 � 1 � 2048 Adaptive avg pool Feature vector
FC layer 𝐶 Dropout(0.5) + Linear Multi-label cls

During the model training process, L2 regularization and
a dropout layer (dropout rate 0.2) are introduced, and an
early stopping strategy is adopted based on the validation set
performance to prevent model overfitting.

The proposed model is trained in an end-to-end manner with
a multi-label cross-entropy loss function, which serves as the
objective function to optimize the model parameters. The loss
function is defined mathematically as (1):

𝐿𝑚𝑢𝑙𝑡𝑖 = � 1
𝑁

𝑁Õ
𝑖=1

𝐶Õ
𝑐=1

h
𝑦𝑖,𝑐 log

�
𝜎„ 𝑓 „𝑥𝑖”𝑐”

�
‚ „1 � 𝑦𝑖,𝑐” log

�
1 � 𝜎„ 𝑓 „𝑥𝑖”𝑐”

� i
.

(1)

Among them, 𝜎„�” (𝜎„�”: Sigmoid activation function, maps
output to »0, 1…) is used to map the original output of the 𝑐-
th category 𝑓 „𝑥𝑖”𝑐 ( 𝑓 „𝑥𝑖”𝑐: raw network output of the 𝑖-th
sample for the 𝑐-th class) to the »0, 1… interval, representing
the probability that the sample belongs to this category; 𝑦𝑖,𝑐 2
f0, 1g (𝑦𝑖,𝑐: ground-truth label of the 𝑖-th sample for the 𝑐-th
class) is the real label of sample 𝑥𝑖 on category 𝑐, 𝑁 (𝑁: total
number of training samples) is the number of samples, and 𝐶

(𝐶: total number of damage categories) is the total number of
damaged categories (𝐶 = 7).

To improve the accuracy and robustness of instance segmen-
tation, especially for the segmentation of defects in complex
scenarios, we adopt the improved YOLOv8n-seg model for
instance segmentation tasks. Specifically, we introduce more
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diverse data augmentation strategies to enhance the model's
generalization ability and adaptability to defects under dif-
ferent lighting conditions, angles, and scales; meanwhile, a
weighted loss function is adopted to alleviate the sample
imbalance problem during training and optimize the model's
learning effect on small-target defects and hard-to-segment re-
gions. For the instance segmentation training of this improved
model, we set reasonable training parameter con�gurations,
and the speci�c values, setting methods of each parameter as
well as their corresponding action mechanisms are detailed in
Table II.

TABLE II YOLOv8n-seg enhanced training parameter
con�guration

Parameter
category

Speci�c con�guration Mechanism of action

Basic settings epochs=30, batch=16,
imgsz=640

Control training scale

Optimizer AdamW, lr0=0.001,
lrf=0.01

Adaptive learning rate
adjustment

Spatial augmen-
tation

degrees=10.0,
translate=0.1, scale=0.5

Improve geometric
robustness

Color augmenta-
tion

hsv� = 0•015– �BEB =
0•7– �BEE = 0•4

Enhance color invari-
ance

Advanced
augmentation

mosaic=0.7, mixup=0.15,
copy? 0BC4 = 0•1

Increase sample di-
versity

Regularization dropout=0.1,
weight3 420H = 0•0005

Prevent over�tting

B. Scene Self-Adaptation Mechanism (SAPM)

Motivation : The generalization ability of the base line
model decreases under variable lighting. SAPM aims to
achieve intelligent front-end processing and dynamically adapt
enhancement strategies according to image content.

Design: SAPM is built upon four low-level visual features
[23], namely average brightness (�0E6), contrast (�BC3), av-
erage saturation ((0E6), and edge density (�34=B8CH) (� 0E6:
average image brightness, �BC3: contrast standard deviation,
( 0E6: average image saturation, �34=B8CH: image edge density).
The mathematical formulations for each feature are de�ned as
follows:

1) Average brightness:

� avg =
1

� � ,

�Õ

8=1

,Õ

9=1

�gray¹8– 9º (2)

�6A0H: grayscale container image converted from RGB im-
age �

2) Contrast:

� std =

vut
1

� � ,

�Õ

8=1

,Õ

9=1

�
�gray¹8– 9º � �avg

� 2 (3)

3) Average saturation:

( avg =
1

� � ,

�Õ

8=1

,Õ

9=1

�sat¹8– 9º (4)

�B0C: saturation channel image extracted from HSV space
of �

4) Edge density:

� density =

Í �
8=1

Í ,
9=1I ¹Edge¹8– 9º ¡ gº

� � ,
(5)

1¹�º: indicator function, 1=condition holds, 0=otherwise;
�364¹8– 9º: Canny edge response value at pixel ¹8– 9º; g: Canny
edge detection threshold, empirical value 0.1.

Using the decision logic shown in Table III, images are
classi�ed into four categories: sunny, cloudy, night, and rainy.
For each type of scene, a customized processing procedure is
applied, such as using CLAHE and noise reduction for night
images, and speci�cally suppressing ground re�ections and
enhancing non-re�ective areas for rainy images.

TABLE III Scene Classi�cation Rules and Processing
Strategies of SAPM

Scene Type Judgment
Condition

Processing Strategy

Sunny Day �0E6 ¡ 180 and
( 0E6 ¡ 100 and
� BC3¡ 60

Reduce overexposure,
enhance contrast, slightly
sharpen

Cloudy 100 Ÿ �0E6 Ÿ 180
and (0E6 Ÿ 80

Increase brightness, enhance
contrast and saturation

Night � 0E6 Ÿ 50 and
� BC3Ÿ 40

Noise reduction, CLAHE
enhancement, improve dark
details

Rainy Day � 34=B8CHŸ 0•01 and
� BC3Ÿ 50 or ground
re�ection detected

Ground re�ection
suppression, enhance
non-re�ective areas

The thresholds such as brightness and contrast for scene
classi�cation are �rst statistically determined by K-means
clustering based on the low-level visual features of 1274
samples to initially de�ne intervals. Then, 128 validation set
samples are used to verify each candidate value in the interval
one by one, and the value with the highest scene classi�cation
accuracy is selected as the �nal threshold. The threshold
selection is constrained by the interval to avoid over�tting to
single-point data in the validation set.

Speci�cally, for rainy-day scenarios, we have designed a
dedicated ground re�ection processing module. The mathe-
matical expression of the re�ection processing is as shown in
the formula (6).

�processed= U � )enhance¹�non-re�ectº

¸ V � ) suppress¹� re�ectº

¸ W � )sharpen¹�globalº•

(6)

where U– V– W are weight coef�cients,
) 4=�0=24 – )BD? ?A4BB– )B�0A ?4= denote enhancement,
suppression, and sharpening transformations, respectively,
� ?A>24BB43, �=>=�A4 5 ;42C, �A4 5 ;42Cand �6;>10; .

This module identi�es re�ective areas through brightness
threshold detection and saturation analysis, and adopts a
regional separation processing strategy: applying CLAHE
to enhance contrast in non-re�ective areas, and performing
brightness suppression and detail restoration in re�ective areas.

Difference from existing methods: In the early stage
of this research, learning-based image enhancement methods
[24] such as Zero-DCE and RetinexNet were tested. Their



INTERNATIONAL JOURNAL OF ARTIFICIAL INTELLIGENCE AND GREEN MANUFACTURING, VOL. 2, NO. 1, APRIL 2026 14

mAP@0.5 only increased by 1.0%-1.5%, but the inference
time increased by more than 30%, which cannot meet the
real-time detection requirement of 30FPS in ports. There-
fore, the rule-based SAPM is selected to achieve scene
adaptive enhancement while ensuring the detection speed.
When the SAPM module acts alone, the model's F1 score
increases by an average of 8.2% in complex lighting scenarios
(cloudy/night/rainy days), among which the night scenario has
the most signi�cant improvement (12.5%), and the rainy day
scenario increases by 9.7% due to the re�ection suppression
module.

C. Cascade Multi-label Classi�cation Network (CCN)

Motivation: For confusing categories, such as fscratch,
rusty, brokeng and fbroken, holeg (the misclassi�cation be-
tween categories is analyzed through the normalized confusion
matrix), the decision con�dence of the main classi�er is low.
The CCN performs secondary �ne discrimination through cas-
caded lightweight sub-classi�ers. This approach differs from
hybrid CNN-Transformer architectures like Cad-Transformer
[25] by focusing speci�cally on error-prone category combi-
nations with minimal computational overhead.

Design: The CCN model adopts ResNet-50 as its back-
bone network. While fully convolutional networks based on
ResNeXt50 such as RP-FCN have demonstrated effectiveness
in container damage detection [26], we additionally introduce
two lightweight sub-classi�ers (Sub-A and Sub-B) to re�ne
the prediction results, speci�cally targeting the most error-
prone category pairs. Speci�cally, Sub-A is dedicated to
distinguishing the categories fScratch– Rust– Damageg, while
Sub-B is specialized in identifying fDamage– Holeg. During
forward inference, if the prediction con�dence of the main
classi�er for a given sample on these target categories is
lower than the prede�ned thresholds g� or g� (g� •g� : CCN
sub-classi�er con�dence thresholds, empirical values 0.5/0.5),
the sample features are forwarded to the corresponding sub-
classi�er for reclassi�cation. The network architectures and
training hyperparameters of Sub-A and Sub-B are summarized
in Table IV.

H�nal =

8>>><

>>>
:

5� ¹Gº– if Ĥbase2 ( � and max¹%baseº Ÿ g�

5� ¹Gº– if Ĥbase2 ( � and max¹%baseº Ÿ g�

Ĥbase– otherwise

(7)

where (� = fscratch– rust– damageg, (� = fdamage– holeg,
Ĥ10B4 ( Ĥ10B4: base classi�er prediction result, output of
ResNet-50), max¹%10B4º (%10B4: base classi�er con�dence
score, range »0– 1¼) is the maximum con�dence of the main
classi�er's prediction results, 5� ¹Gº• 5� ¹Gº ( 5� ¹Gº• 5� ¹Gº: out-
put results of Sub-classi�er A/Sub-classi�er B), and H5 8=0;
(H5 8=0;: �nal classi�cation prediction result).

All training samples of Sub-A and Sub-B are from the
training set (80%) of the dataset, and no augmented samples
are introduced into the validation set and test set to strictly
avoid data leakage.

The cascaded trigger thresholds g� and g� are determined
by grid search on the validation set, and 0.5 is �nally selected
as the optimal value; the cascaded trigger frequency is 28.7%

TABLE IV Network structure and training parameters of
sub-classi�ers

Parameter Sub-classi�er A Sub-classi�er B

Target categories scratch, broken, rusty broken, hole
Number of training samples 69 35
Network architecture ResNet-34 ResNet-18
Learning rate 0.005 0.005
Batch size 16 16
Training epochs 20 15
Data augmentation Random �ip, rotation, cropping Random �ip, cropping

(Sub-A 32.1%, Sub-B 25.3%); CCN adopts ResNet-18/34
lightweight backbones, with the number of parameters only
increasing by 12.3% and the inference speed decreasing by
4.1%. The sub-classi�er training adopts L2 regularization,
dropout (0.2), and early stopping strategy; few-shot learning
methods such as MAML and ProtoNet are tested, and �nally
the 'pre-training on NEU industrial defect dataset + SMOTE
oversampling' scheme is selected. The F1 scores of the sub-
classi�ers on the test set reach 78.5% (Sub-A) and 81.2%
(Sub-B).

Difference from existing methods: Difference from exist-
ing methods: Unlike simply increasing network capacity or
using attention mechanisms [12], or employing lightweight
hybrid CNN-Vision Transformer models for real-time detec-
tion [27], CCN adopts a ”divide and conquer” strategy. With
minimal parameter increase (two lightweight sub-networks),
it achieves precise discrimination of key confusing regions
and signi�cantly improves the model's performance on ”short-
board” categories while maintaining real-time inference capa-
bility.

D. Two-stage Dynamic Fusion Detection and Segmentation

Motivation: To balance localization accuracy and classi�ca-
tion precision, the recognition capability of CCN is fused with
the localization and segmentation capabilities of YOLOv8n-
seg [28].

Process: In the �rst stage, the lightweight CCN is used to
quickly �lter out approximately 35% of undamaged images.
In the second stage, for suspected damaged images, the im-
proved YOLOv8n-seg (introducing richer data augmentation
and weighted loss) is used for instance segmentation. Building
upon YOLOv8's proven capabilities for real-time recognition
in other domains such as surgical instrument detection [29], we
adapt it speci�cally for container damage segmentation with
port-speci�c optimizations.

For each detection region, its �nal category is determined
by the dynamic fusion of the con�dence level %B46 of the
speci�c training parameter con�guration of the segmentation
network and the classi�cation con�dence level %2;B of the
CCN cropping region (Equation 1). When %B46 is high, the
segmentation result is the primary reference; when %B46 is
medium, weighted fusion is applied; when %B46 is low, it relies
more on the classi�cation result of CCN and its mechanism
of action, as shown in Table II.

In the design of the loss function, considering the multi-task
nature of instance segmentation (encompassing bounding box
regression, category classi�cation, and mask segmentation),
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a weighted composite loss function is employed to balance
the training priorities of individual tasks. The mathematical
formulation of the total loss function is de�ned as (8):

L total = _boxL box ¸ _ clsL cls ¸ _ segL seg (8)

where the task-speci�c weighting coef�cients _1>G = 7•5,
_2;B = 0•5, _B46 = 1•5 (empirically optimized via grid
search on the validation set): _1>G = 7•5 prioritizes bound-
ing box regression (foundation for port damage localization,
classi�cation and segmentation with large scale variations);
_2;B = 0•5 downweights segmentation classi�cation (�ne-
grained classi�cation by CCN); _B46 = 1•5 balances damage
contour segmentation accuracy for port inspection quantitative
demands without weakening core localization.

To meet the application requirements of real-time detection
and segmentation, lightweight improvements were made to
the cascaded classi�cation model to enhance inference speed
while ensuring that the loss of classi�cation accuracy is con-
trollable. The speci�c improvement strategies are as follows:

1. Parameter Freezing: Fix the pre-trained parameters of the
ResNet-50 backbone network, train only the fully connected
classi�cation layer, and reduce the computational load of
training and inference;

2. Structural Simpli�cation: Optimize the number of neu-
rons in the fully connected layer, compress the number of
parameters from 14.3M to 2.1M, and reduce model storage
and computational overhead;

3. Inference Acceleration: By adopting the FP16 half-
precision inference mode, while ensuring numerical accuracy,
it reduces memory usage and improves inference speed.

Dynamic Fusion: The �nal category ��nal of a de-
tected region is dynamically determined by the con�dence
score %seg(%B46: segmentation con�dence score, output of
YOLOv8n-seg, range »0– 1¼) from the segmentation network
and the classi�cation con�dence %cls(%2;B: classi�cation con-
�dence score, output of CCN, range »0– 1¼) from the CCN
model[30], as de�ned by (9):

� �nal =

8>>><

>>>
:

arg max
�
%seg

�
if max

�
%seg

�
¡ g �

arg max
�
F1%seg¸ F 2%cls

�
if g; Ÿ max

�
%seg

�
� g �

arg max¹%clsº otherwise
(9)

where arg max¹�º (argument of maximum function, returns
max-con�dence category), The high con�dence threshold g� =
0•8, low con�dence threshold g; = 0•4, fusion weights F1 =
0•6 (segmentation network), F2 = 0•4 (CCN), all parameters
are determined by grid search optimization on the validation
set.

Speci�cally, when the segmentation con�dence %seg is high
(i.e., max

�
%seg

�
¡ g � ), the segmentation result is prioritized;

when %seg is moderate (i.e., g; Ÿ max
�
%seg

�
� g � ), a weighted

fusion strategy is adopted for %seg and %cls; when %seg is
low (i.e., max

�
%seg

�
� g ; ), the model relies primarily on the

classi�cation result of the CCN.
To validate the effectiveness of the proposed con�dence

level-driven dynamic fusion strategy, we compare it with two
baseline fusion methods:

Simple weighted average fusion (i.e., using �xed weights
F1 = 0•6, F2 = 0•4 for all detection regions without
distinguishing between high and low con�dence levels);

Single segmentation network output (without fusing CCN
results). The comparison results are shown in Table V.

The experimental results show that compared with simple
weighted average with �xed weights, the dynamic fusion
strategy increases the small object detection rate by 6.4%
and mAP@0.5 by 2.1%; compared with a single segmentation
network, the classi�cation accuracy increases by 9.3%.

TABLE V Performance of Different Fusion Strategies

Strategy mAP@0.5 Cls Acc Small Obj Det Rate

YOLOv8n-seg (Single Seg) 0.698 78.30 65.20
Weighted Avg Fusion 0.726 82.50 70.10
Proposed Dynamic Fusion 0.744 87.60 76.50

E. Data Format and Invocation Instructions

The input of this model supports common RGB image
formats (such as JPEG, PNG), and the model will internally
scale and process them uniformly into three-channel Tensors
with a resolution of 640×640. The output is divided into two
levels:

1) Cascade classi�cation results, returning a list of damage
categories present in the image and their Con�dence
Levels in JSON format;

2) Instance segmentation results: For images with detected
damage, return a list where each element contains
bounding box coordinates (normalized or pixel coor-
dinates are optional), class label, con�dence level, and
vertex coordinates of the segmentation polygon.

The model is implemented based on the PyTorch frame-
work, providing a complete inference script. By simply con�g-
uring the CUDA environment and relevant dependent libraries,
batch or single image prediction can be performed by calling
the encapsulated Python API.

All codes, pre-trained models, and con�gu-
ration �les of this research have been open-
sourced on GitHub: https://github.com/Galaxy-lrc/
Intelligent-Detection-of-Container-Surface-Damage. The
repository includes detailed README documentation and
quick reproduction steps.

IV. EXPERIMENTS

A. Experimental Setup

Dataset: The experiment uses the Port Container Surface
Damage Detection Dataset (OpenBayes Dataset), which con-
tains 1742 real-scene RGB damaged images.Non-damaged
container images account for about 90% of the overall de-
tection sample pool in actual port scenarios.While high-
throughput deep learning-driven visual quality inspection
methods have been developed for industrial surface inspection
[31], our dataset captures the unique challenges of port envi-
ronments including complex lighting and weather variations
that require specialized scene-adaptive approaches.
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All comparative models (Mask R-CNN, YOLACT,
SOLOv2, YOLOv8n-seg) are retrained from scratch on the
same training set, adopt the same data augmentation strategy
and input resolution (640×640), and are evaluated on the
same test set.

Experimental Environment: All training, validation, and
inference procedures are implemented and executed on a
computer platform equipped with the Ubuntu 20.04 operating
system. The inference speed is tested in the environment
of NVIDIA RTX 3090 GPU + Intel i7-12700K CPU, Py-
Torch1.12.1, CUDA11.7, with batch size 1 and FP16 half-
precision inference. The detailed hardware and software con-
�gurations adopted in this work are summarized in Table VI.

Parameter Settings: During the training phase, the AdamW
optimizer is employed to update network parameters, with
an initial learning rate set to 0.001 and a weight decay of
0.0005 to alleviate over�tting. For the classi�cation model,
the training process lasts for 50 epochs with a batch size of
16. In contrast, the YOLOv8n-seg model, which is used for
simultaneous damage detection and segmentation, is trained
for 100 epochs with a relatively larger batch size of 32 to
stabilize training and improve convergence.

TABLE VI Hardware and Software Con�guration of
Experiments

Parameter Value

Hardware Con�guration
CPU Intel i7-12700K
GPU NVIDIA RTX 3090
Memory 64GB
Hard Disk 2TB SSD

Software Con�guration
Operating System Ubuntu 20.04.1
Deep Learning Framework PyTorch 1.12.1
CUDA Version 11.7
Programming Language Python 3.8

Evaluation Metrics: Multiple metrics are used to evaluate
the method's effectiveness and ef�ciency: overall accuracy,
Macro-F1 and Micro-F1 for image classi�cation; mAP@0.5
and category-wise AP for object detection and instance seg-
mentation; total parameters (Params), FLOPs and FPS for
model ef�ciency and computational complexity.

B. Data Processing and Enhancement

To systematically evaluate the data distribution character-
istics of the training set and provide data support for the
subsequent training and optimization of the damage detection
model, we �rst conducted a statistical analysis on the number
of samples of each damage category in the training set (Figure
1).

The statistical results clearly show that the training set has
a signi�cant class imbalance problem.Among all 7 damage
categories, the number of samples in the three categories of
corrosion, damage, and scratch is relatively suf�cient, with a
combined proportion reaching 61.8%;The number of samples
in the category of corner column deformation is extremely
scarce, containing only 7 samples, accounting for less than
1%. Additionally, although categories such as Hole, surface

Fig. 1. Distribution of damage types in dataset.

deformation and Beam Deformation have suf�cient sample
sizes, the disparity in the number of samples between them
and Corner Column Deformation remains signi�cant, further
exacerbating the imbalance in the overall data distribution.

To effectively mitigate this issue, Combined oversampling
of SMOTE + geometric transformation is adopted: �rst gener-
ate synthetic samples based on k-nearest neighbors (k=5), then
perform ±15° random rotation, horizontal/vertical �ipping, and
0.9-1.1x scale transformation, expanding the number of corner
column deformation samples from 7 to 145. Table VII details
the changes in the number of samples for each category before
and after oversampling.

TABLE VII Comparison of Defect Categories Before and
After Sampling

Defect Before After Added Growth Rate(%)

Hole 303 303 0 0.00
Damage 101 145 44 43.56
Corrosion 440 440 0 0.00
Scratch 113 145 32 28.32
Surface Deformation 1196 1196 0 0.00
Beam Deformation 145 145 0 0.00
Corner Column Deformation 7 145 138 1971.43

The preprocessing process includes light color self-
adaptation adjustment, 3×3 median �ltering for denoising, 1.8x
coef�cient sharpening enhancement, combined with random
horizontal �ipping, Mosaic [32], MixUp [33]] data augmenta-
tion.

Figure 2 shows the comparison of the progressive opti-
mization effects of the entire preprocessing process for the
00004.jpg image. Horizontally, it sequentially displays the
outputs of the four stages of the original image a, light color
adjustment b, denoising processing c, and detail enhancement
d, with the effects gradually superimposed. Vertically, each
stage includes the image result, RGB histogram, and edge
detection result.

As illustrated in Figure 2, the original image (a) exhibits
obvious non-uniform illumination and severe noise interfer-
ence. Following illumination and color correction (b), the
overall brightness and saturation are effectively optimized, and
faint defect edges become visible. The subsequent denoising
process (c) suppresses background noise while preserving
key structural information. Finally, detail enhancement (d)
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Fig. 2. Progressive Optimization Comparison in
Preprocessing Pipeline.

sharpens defect edges and clari�es their contours, which
signi�cantly improves feature discriminability for subsequent
analysis.

To mitigate the impacts of sample imbalance and over�tting
on model performance, the following strategies are imple-
mented in the training phase:

1. Oversampling is only applied to the training set, while
the validation and test sets are kept intact to ensure that the
evaluation results re�ect the model's actual performance on
real-world data;

2. Moderate geometric transformations are adopted for data
augmentation to enhance the model's generalization ability,
with the intensity of transformations controlled to avoid dis-
torting the key features of container surface damage;

3. L2 regularization, dropout (0.2) and early stopping strat-
egy are introduced in combination to effectively suppress
over�tting, where these methods complement each other to
balance the model's �tting ability and generalization ability.

C. Ablation Experiments and Analysis

To quantitatively evaluate the actual improvement of each
key component on model performance, we conduct a sys-
tematic ablation study by introducing modules step-by-step.
The individual contributions and synergistic effects of the
three core modules proposed in this paper—the Scene Adap-
tive Preprocessing Module (SAPM), Cascaded Multi-label
Classi�cation Network (CCN), and dynamic feature fusion
strategy—are separately veri�ed.

1) Validation of SAPM: To address illumination interfer-
ence on defect feature extraction in complex real-world scenar-
ios, a controlled experiment veri�es SAPM's adaptive ability
under varying lighting (cloudy, strong light, low light). Three
frameworks are compared: baseline, SAPM-only simpli�ed
model, and full model with all core modules. Their F1-scores
are analyzed to quantify SAPM's effectiveness (Figure 3).

1) Sunny scenario: The performance of the three is similar,
indicating that all models can work well under ideal
lighting conditions.

2) Cloudy and night scenarios: The performance of the
model equipped with SAPM has improved signi�cantly,
especially in night scenarios, where its customized noise
reduction and CLAHE enhancement strategies have
played a crucial role.

3) Rainy day scenario: The complete model (SAPM +
CCN) performs best, indicating that both scene self-
adaptation preprocessing and targeted cascade classi�-
cation strategies are indispensable when dealing with
complex interferences such as ground re�ection.

Fig. 3. Training Effect Improvement by Scenario.

Complex-scenario preprocessing validation (Figure 4)
shows adaptive preprocessing enhances port scene images
(cloudy/night/rainy) by suppressing illumination/noise inter-
ference, improving damage feature visibility and providing
high-quality input for subsequent detection stages.

2) Exploration of Classi�cation Bias in the Scene Self-
Adaptation Model: To further accurately identify the recog-
nition limitations of the scene-adaptive model across different
defect categories and quantitatively analyze its classi�cation
bias and misjudgment patterns, we perform a visual analysis
of the model prediction results using the normalized confusion
matrix (Figure 5), and systematically investigate the misclas-
si�cation behaviors and confusion characteristics between all
categories. In the confusion matrix, each element represents
the normalized probability that samples of a true class (row)
are predicted as a certain class. The color depth is positively
correlated with the degree of confusion: darker colors indicate
a higher confusion level between the corresponding categories.

In-depth analysis of the model's classi�cation bias and inter-
class confusion clari�es subsequent optimization directions:
there is severe misclassi�cation in two confusing groups
(scratch-rusty-broken, broken-hole), which limits overall clas-
si�cation performance. To address this issue and break the
accuracy bottleneck from high feature similarity, we de-
sign a dedicated cascaded sub-classi�er for �ne-grained re-
classi�cation of these easily confused categories. Strength-
ening feature discrimination and inter-class separability thus




	Introduction
	Problem Description And Preliminaries
	Model Design
	Overall Architecture and Base Line Model
	Scene Self-Adaptation Mechanism (SAPM)
	Cascade Multi-label Classification Network (CCN) 
	Two-stage Dynamic Fusion Detection and Segmentation
	Data Format and Invocation Instructions

	Experiments
	Experimental Setup
	Data Processing and Enhancement 
	Ablation Experiments and Analysis 
	Comprehensive Model Evaluation

	Conclusion
	Research Background and Core Achievements
	Core Model Design and Innovation Points
	Experimental Verification and Performance Analysis
	Deficiencies and Limitations of the Research
	Future Research Directions and Application Prospects

	Appendix
	Biographies
	Ruchen Li
	Zixin Li
	Shucong Liu
	Yiru Wang
	Xinyi Yang


