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Abstract 
Metal frame fault is one of the main potential hazards of port machinery and equipment. 
Rapid and effective port machinery surface fault inspection is of great significance to 
improve port and shipping efficiency. Corrosion is the most common failure of metal 
structure equipment. In order to solve the problems of low accuracy and insufficient 
model generalization characteristics of image-based surface corrosion fault inspection 
of large and medium-sized port machinery, a corrosion fault inspection scheme of steel 
structure port machinery based on improved segmentation decision network is 
proposed. Firstly, a multi-scale feature fusion module is added to the original 
segmentation decision network model to improve the feature extraction, and then the 
squeeze-and-excitation (SE) attention mechanism is added to deal with the redundancy 
of data. The experimental results show that the accuracy of steel structure surface fault 
detection using this method is significantly improved. 
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1. Introduction 

During the use of large port cranes, serious problems such as mechanical wear, corrosion and cracks 
will occur, among which corrosion is a common problem. Corrosion is mainly caused by high 
humidity marine environment, and its severity will affect the potential safety hazards of port 
machinery. In the actual industrial port machinery fault detection, the primary problem is to judge 
whether the key points of the detected port machinery have corrosion fault. If the port machinery has 
corrosion fault, it needs to be maintained. Therefore, it is necessary to obtain the pixel level 
classification of the key nodes of the port machinery steel structure, and output the binary images of 
the steel structure fault area and non-fault area, that is, the fault segmentation task. The research 
content of this paper is the corrosion fault detection of port machinery, that is, the classification of 
fault steel structure samples and non-fault steel structure samples, and the segmentation mask of fault 
samples is obtained for analysis [1]. The fault sample and non-fault sample are shown in Fig. 1. The 
non-fault sample is marked as all black, which shows that the pixel value is all 0 in the algorithm, and 
the fault part of the fault sample is marked as white, which shows that the pixel value is 1 in the 
algorithm.  

The main work of this paper is as follows: firstly, based on the segmentation decision model, a multi-
scale feature fusion module is added, and multiple different convolution cores are used to extract 
multi-scale features, so as to improve the feature extraction in the steel structure area. In this module, 
the steel structure fault area is segmented and output, which is added to the corresponding feature 
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map of the original network as the input part, Then add the SE attention mechanism module behind 
it to improve the ability of the original network to extract important features. 

 

                  
(a) Fault sample                         (b) Non-fault sample 

Fig. 1 data sample 

2. Related Work 

In fact, the corrosion fault detection of port machinery is to check whether the port machinery has 
corrosion problems by means of target detection. The fault detection and recognition of large-scale 
port equipment are carried out by image segmentation and feature extraction. With the continuous 
development of today's society and the continuous updating of computer science and technology, the 
research on object fault detection algorithm is becoming more and more mature. In recent years, the 
methods used in fault detection emerge one after another, and their accuracy and real-time 
performance are also improving. They can be divided into three categories: detection and recognition 
based on traditional image processing technology, detection and recognition based on machine 
learning algorithm and detection and recognition based on deep learning. The method based on 
traditional image processing technology is shown in Fig. 2, which is mainly divided into three parts: 
image feature extraction, fault detection and fault location. Firstly, the image feature is extracted. The 
algorithms used in the feature extraction part include scale invariant feature transformation matching 
algorithm (SIFT) [2], Speed-up robust feature algorithm (SURT) [3], directional gradient histogram 
feature algorithm (HOG) [4], and so on. After the image feature extraction is completed, the extracted 
features are identified to determine whether the image contains faults, and finally the identified faults 
are located.  

 

 
Fig. 2 Process of fault detection  based on traditional image processing technology 

 

The detection and recognition process of the algorithms based on machine learning is shown in Fig. 
3. Compared with the previous traditional methods, the method based on machine learning adds a 
candidate box before feature extraction, determines the area to be extracted by sliding window, and 
adds a classifier after feature extraction. Common classifiers in machine learning include AdaBoost 
algorithm [5], support vector machine algorithm (SVM) [6], deformable part model (DMP) [7], etc.. 
These classifiers mainly classify the extracted features to determine which features is the target 
background and which features is the target to be detected. After classifier discrimination, non-
maximum suppression (NMS) algorithm is used to delete the box previously identified as the 
background, and then output the detection results. Because this kind of machine learning algorithm 
needs to traverse the candidate box on the whole image, and multiple candidate boxes will be 
generated if the whole image is traversed, which greatly reduces the detection speed of the algorithm. 
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Fig. 3 flow chart of fault detection and recognition algorithm based on machine learning 

 

Fault detection based on deep learning algorithm is the mainstream fault detection method at present. 
Some excellent algorithms can not only ensure the accuracy of fault detection, but also shorten the 
time of fault detection and achieve real-time performance. It is mainly divided into two categories: 
single-stage fault detection algorithm and two-stage fault detection algorithm.  

As the name suggests, two-stage fault detection is divided into two steps. First, generate the image 
candidate box through the corresponding algorithm, and then detect and classify the fault of the 
previous candidate box after multiple convolution operations. The common fault detection algorithms 
include R-CNN, Fast R-CNN and Faster R-CNN. In 2014, Girshick et al. Proposed R-CNN algorithm 
in the paper published on CVPR [8]. Different from the traditional fault detection methods, R-CNN 
algorithm is the beginning of the successful application of deep learning in the field of fault detection, 
but it takes a long time to train support vector machine and convolution neural network, and a picture 
has 2000 candidate boxes, and the convolution calculation of candidate boxes is also huge. In order 
to solve a series of problems such as large amount of calculation and long training time of R-CNN 
algorithm, Girshick et al. Published a paper on Fast R-CNN algorithm on ICCV in 2015 [9]. Fast R-
CNN algorithm does not need to transform the size of candidate boxes to make them the same size. 
It can be seen from the previous algorithm flow introduction that Fast R-CNN algorithm has greatly 
improved the feature extraction part, saved training and testing time, and increased efficiency and 
accuracy. Compared with R-CNN algorithm, Fast R-CNN takes a lot of time to extract features, but 
it is not easy to use the algorithm. In 2015, Ren et al. proposed the Faster R-CNN algorithm on the 
basis of Fast R-CNN, for selective search takes a lot of time, Faster-CNN algorithm proposed a region 
proposal network (RPN). RPN is a network framework for rough image search. Faster R-CNN 
algorithm no longer extracts candidate boxes outside and creatively proposes to use neural network 
to automatically generate candidate boxes. Compared with Fast R-CNN algorithm, Faster R-CNN 
algorithm further improves the efficiency and accuracy of the algorithm [10].  

Single stage fault detection refers to only one step operation, omitting the step of adding candidate 
box, and directly adopting regression method for fault detection and classification. Common fault 
detection algorithms include Yolo, SSD and so on. In 2016, Redmon et al. published a paper on Yolo 
algorithm on CVPR [11]. Yolo algorithm adopts the one-stage method to detect and identify the target 
at the same time. Compared with the previous two-stage algorithms, the one-stage algorithm can well 
solve the problem of low efficiency of fault detection. Although the detection efficiency of Yolo 
algorithm has been improved, the accuracy of detection for close or small objects has decreased. In 
view of the shortcomings of Yolo algorithm, its improved versions yolov2, yolov3, yolov4 and yolov5 
have been proposed one after another. Liu et al. Proposed SSD algorithm on ECCV in 2016. SSD 
algorithm performs data enhancement and other operations on the data set based on Faster R-CNN 
algorithm, and adds the function of feature pyramid. The feature pyramid can obtain feature mapping 
of different scales and predict targets in different receptive fields, which improves the detection ability 
of small targets [12]. The operation efficiency of SSD algorithm for fault detection is comparable to 
Yolo algorithm, and its accuracy for large target detection is comparable to that of Faster R-CNN 
algorithm. However, SSD algorithm also has some inconveniences. It needs to manually set the 
minimum and maximum side lengths of candidate frames, and the detection effect of small targets is 
still poor compared with Faster R-CNN algorithm. Because it has the disadvantage of insufficient 
extraction in feature extraction, it can not get enough accuracy in small target detection. In view of 
this, a corrosion fault detection algorithm based on the improved segmentation decision model is 
proposed to improve the detection accuracy and the detection ability of small targets. 
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3. Segmentation Decision Model 

The segmentation decision model was proposed in the paper [13] published by Domen tabernik in 
CVPR in 2020. The network obtains the different dimensional features of the image through multiple 
convolution and downsampling of the input original image. According to the obtained features, the 
network outputs the detection results of the surface cracks of the electronic converter. As shown in 
Fig. 4, the segmentation decision model is a two-stage structure [14]. The first stage is the 
segmentation network, which is mainly used to locate the plastic surface defects at the pixel level and 
check the surface small defects in the high-resolution image. This part includes 11 convolution layers 
and 3 maximum pooling layers. Each pooling layer will halve the input resolution. There is a feature 
normalization and nonlinear ReLU layer behind each convolution layer to speed up the convergence. 
Finally, the output is a single channel feature map with a resolution of 1/8 of the input. The second 
stage is the decision network, which is used to generate the binary classification output to judge 
whether the current object surface is defective. The output of the segmentation network and the 
characteristics of the segmentation network are used as the input of the decision network. Finally, at 
the output end, the global maximum pooling and global average pooling operations are carried out 
for the output of the decision network and the last layer feature graph of the segmentation network, 
the results of the two are spliced together, and then the full connection is carried out to make 
probability prediction of defects. 

 

 
Fig. 4 segmentation decision network 

 

Due to the single feature extraction scale, the segmentation decision network will have the problem 
of feature information loss, and the segmentation decision network does not introduce attention 
mechanism when extracting features, so the feature redundancy leads to low extraction efficiency. In 
addition, the segmentation decision network is aimed at the detection of the surface crack of the 
electronic converter. The surface of the electronic converter is smooth, while the steel structure 
surface of the port machinery is relatively rough. The direct use of the segmentation decision network 
can not fully meet the needs of the corrosion fault detection of the large equipment of the port 
machinery. In view of this, an improved method is proposed in this paper. 

4. Improved Segmentation Decision Model 

In order to solve the above problems and make the original segmentation decision network more 
suitable for the detection of large port equipment, the improved segmentation decision network is 
shown in Fig. 5.  
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Fig. 5 improved network segmentation decision 

4.1 Multiscale Feature Fusion Module 

In order to solve the problem that the feature information may be lost due to the single extracted 
feature scale, the proposed multi-scale feature fusion module is shown in Fig. 6. The basic idea is to 
extract multi-scale features by using multiple different convolution kernels [15], and adopt a parallel 
two channel structure to fuse the features extracted by each convolution operation, and finally form 
a complete multi-scale feature fusion module.  

 

 
Fig. 6 multi-scale feature fusion module 

 

The multi-scale feature fusion module is mainly divided into two parts: multi-scale feature extraction 
and multi-scale feature fusion [16]. 

The multi-scale feature extraction part uses the parallel two channel structure, and the convolution 
kernel of each branch structure is different. The sizes of convolution kernels are 5x5, 7x7 and 9x9 
respectively. Convolution kernels of different sizes extract features of different scales [17]. 

The multi-scale feature fusion part is to fuse the three feature maps extracted by the multi-scale feature 
extraction part [18], and use the concatenate operation to fuse the feature maps extracted by each 
channel to form a complete feature map. Finally, the number of output channels of the complete 
characteristic graph is the sum of the number of output channels of each branch. In the process of 
merging, the edge of the graph is filled to ensure the consistent size of the feature. 
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4.2 SE Attention Mechanism Module 

In order to solve the problems of feature redundancy and low extraction efficiency, the SE attention 
mechanism module is introduced, as shown in Fig. 7. It mainly includes three parts: squeeze, 
excitation and reweight [19].  

 

 
Fig. 7 SE attention mechanism 

 

(1) Squeeze: this operation uses the global average pooling operation to compress the input feature 
with the size of 65 x H x W into a real number of 65 x 1 x 1 to keep the output dimension matching 
the number of input channels. 

(2) Excitation: the main purpose of this operation is to comprehensively obtain the dependence of 
channel level. It includes two full connection layers and sigmoid activation function. Firstly, all input 
feature information can be well fused through the full connection layer. Finally, the normalized 
weight in the 0 ~ 1 interval can be obtained through the sigmoid activation function. 

(3) Reweight: the weight of the output of the activation operation is weighted to the previous features 
channel by channel through multiplication operation to complete the redefinition of the original 
features. 

In this paper, the SE attention mechanism module is added to the segmentation network model. In 
order to enhance the correlation between feature maps, when squeezing the feature map, first reduce 
the number of channels to 5, and then restore it to 65 through convolution operation. Finally, connect 
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the sigmoid activation function to obtain the normalized weight of the feature map, and then redefine 
the feature map through multiplication [20]. 

5. Experimental Results and Analysis 

5.1 Data Set 

The data set used is the neu-det data set of Northeast University. The steel structure fault type is 
corrosion. The data set includes two categories: corrosion fault samples and normal samples. There 
are 300 normal samples and 200 fault samples, a total of 500. The data set is divided into training set 
and test set, with 400 and 100 respectively. Labelme labeling software is used to segment and label 
the corrosion area of fault samples, and the classification and labeling of normal samples and fault 
samples are reflected in the naming rules. 

5.2 Experimental Environment 

The experiment was completed under the windows 10 home Chinese operating system. The network 
was built on tensorflow 1.12 for training, and the language used was Python 3.7. The computer 
graphics card used is NVIDIA GeForce RTX 2060, the processor is AMD Ryzen 5 3600 6-core 
Processor, and the running memory is 16G. The experiment adopts the separate training method. 
Firstly, the segmentation network is trained separately, then the weight of the segmentation network 
is frozen, and the decision network is trained. 

5.3 Evaluating Indicator 

Three different indicators were used for the evaluation of the network: (a) accuracy (PAcc), (b) false 
positive (FP) and (c) false negative (FN). Among them, the main index used in the evaluation is 
accuracy PAcc. The formula is: 

 

FNFPTNTP

TNTP




AccP                                   (1) 

 

In this fault detection task, the normal sample is called negative sample, and the fault sample is taken 
as positive sample. In the formula: TP is true positive, that is, it is predicted to be positive sample, 
and it is actually positive sample; TN is true negative, that is, it is predicted to be a negative sample, 
and it is actually a negative sample; FP is false positive, that is, it is predicted to be a positive sample 
and actually a negative sample; FN is false negative, that is, it is predicted to be a negative sample, 
but it is actually a positive sample. Accuracy PAcc is the proportion of the predicted correct number 
of samples to the total number of all samples. The larger the value, the better the detection effect of 
the network [21]. 

5.4 Results and Analysis 

In order to compare the detection results of the improved segmentation decision network model and 
the original network model proposed in this paper, and to verify the two improvement strategies 
proposed in this paper: adding multi-scale feature fusion module and SE attention mechanism module, 
ablation experiments are set up: adding multi-scale feature fusion module alone, adding SE attention 
mechanism module alone, adding multi-scale feature fusion module and SE attention mechanism 
module at the same time, Training and testing on steel structure corrosion data set. For more intuitive 
representation, the experiment of the original segmentation decision network is abbreviated as SD0, 
the experiment with only multi-scale feature fusion module is abbreviated as SD1, the experiment 
with only SE attention mechanism module is abbreviated as SD2, and the experiment with both multi-
scale feature fusion module and SE attention mechanism module is abbreviated as SD3. The 
experimental results are shown in Table 1. 
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Table 1. Results of ablation experiments 

Method FP FN PAcc(%) 

SD0 20 28 90.4 

SD1 20 23 91.4 

SD2 16 19 92.9 

SD3 4 0 99.2 

 

According to the above table, the results of different experimental methods are also quite different. 
The experimental accuracy of adding multi-scale feature fusion module alone is 91.4%, which is 1.0% 
higher than that of the original segmentation decision network; The experimental accuracy of adding 
SE attention mechanism module alone is 92.9%, which is 2.5% higher than that of the original 
segmentation decision network; At the same time, the experimental accuracy of adding multi-scale 
feature fusion module and SE attention mechanism module is 99.2%, which is 8.8% higher than that 
of the original segmentation decision network. It can be seen that adding multi-scale feature fusion 
module and SE attention mechanism module respectively improves the accuracy of the original 
segmentation decision network model, but adding multi-scale feature fusion module and SE attention 
mechanism module at the same time improves the accuracy of the original segmentation decision 
network model most significantly. At the same time, 16 false positive samples and 28 false negative 
samples are reduced.  

6. Conclusion 

In this paper, an improved segmentation decision network model is proposed to detect the surface 
corrosion fault of large port cranes. The problem of single feature extraction of the original 
segmentation decision network model is solved by adding a multi-scale feature fusion module. By 
adding Se attention mechanism, the improved network model can better deal with the problem of data 
redundancy and improve the detection accuracy of the improved network model. Finally, based on 
the corrosion fault detection data set of Northeast University, the improved network model is trained 
and tested. 

The experimental results show that the experimental accuracy of the improved segmentation decision 
network model proposed in this paper is improved by 1.0% compared with the original network model; 
The experimental accuracy of adding SE attention mechanism module alone increased by 2.5%; At 
the same time, the experimental accuracy increased by 8.8% by adding multi-scale feature fusion 
module and SE attention mechanism module. 

The improved segmentation decision network model proposed in this paper can also be used for fault 
detection and judgment of equipment in other industrial fields. The network model has low 
requirements for the number of samples. However, the improved segmentation decision network 
model proposed in this paper can only detect whether the equipment has fault, and can not classify 
the fault types. Therefore, the next work of this paper is to add a module for fault category analysis 
to the improved segmentation decision network model, so that the network model can better meet the 
fault detection needs of today's industrial field. 

Acknowledgments 

This research was funded by the National Natural Science Foundation of China (grant number 
41701523) and the Natural Science Foundation of Shanghai, China (grant number 14ZR1419700). 

References 
[1] Y. Cao, J. Lu. Defect detection of aluminum surface pit based on improved segmentation decision network, 

Journal of Shanxi University of Science and Technology, Vol. 39 (2021) No. 2, p. 139-145+152. 



International Core Journal of Engineering Volume 8 Issue 6, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202206_8(6).0055

 

421 

[2] D. Lowe. Distinctive Image Features from Scale-Invariant Keypoints, International Journal of Computer 
Vision, Vol. 60 (2004), p.91-110. 

[3] H. Bay, T. Tuytelaars, L. Gool. Speeded-Up Robust Features (SURF), Computer Vision and Image 
Understanding, Vol. 10 (2008) No. 3, p.346-359. 

[4] B. Zou, X.H. Zhao, Z.S. Yin. Research on Image Feature Matching Algorithm Based on Improved ORB, 
Advances in Laser and Optoelectronics, Vol. 58(2021), p.96-103. 

[5] Y. Freund, R.E. Schapire. A Decision-Theoretic Generalization of On-Line Learning and an Application 
to Boosting, Journal of Computer and System Sciences, Vol. 55(1997) No.1, p.119-139.  

[6] J. PLATT. Fast training of support vector machines using sequential minimal optimization dvances in 
Kernel Methods: Support Vector Learning (The MIT Press, USA 1998), p.185-208. (In English). 

[7] P.F. Felzenszwalb, R.B. Girshick, D. McAllester. Cascade object detection with deformable part models, 
2010 IEEE Computer Society Conference on Computer Vision and Pattern Recognition, Vol. 189(2010), 
p.2241-2248. 

[8] R. Girshick, J. Donahue, T. Darrell, et al. Rich Feature Hierarchies for Accurate Object Detection and 
Semantic Segmentation, 2014 IEEE Conference on Computer Vision and Pattern Recognition, Vol. 
89(2014), p.580-587. 

[9] R. Girshick, J. Donahue, T. Darrell, et al. Region-Based Convolutional Networks for Accurate Object 
Detection and Segmentation, IEEE Transactions on Pattern Analysis & Machine Intelligence, Vol. 
38(2015) No. 1, p.142-158. 

[10] S. Ren, K. He, R. Girshick, et al. Faster R-CNN: Towards Real-Time Object Detection with Region 
Proposal Networks, IEEE Transactions on Pattern Analysis & Machine Intelligence, Vol. 39(2017) No. 6, 
p.1137-1149. 

[11] J. Redmon, S. Divvala, R. Girshick, et al. You Only Look Once: Unified, Real-Time Object Detection, 
2016 IEEE Conference on Computer Vision and Pattern Recognition, 2016, p.779-788. 

[12] W. Liu, D. Anguelov, D. Erhan, et al. SSD: Single Shot MultiBox Detector, Springer, Cham, Vol. 
56(2016), p.21-37. 

[13] D. Tabernik, S. ELA, J Skvar, et al. Segmentation based deep learning method for surface defect detection, 
Journal of Intelligent Manufacturing, Vol. 31(2020)  p.759–776.  

[14] M.Y. Li, L.S. He, L. Chen, Gong Youmei Squeezenet fine-grained image classification model based on 
attention feature fusion Journal of Yunnan University , NATURAL SCIENCE EDITION,  Vol. 43(2021) 
No. 5, p.868-876. 

[15] B.S Mountain, R.R. Ni, Y. Zhao. Video target removal forensics algorithm based on dual channel 
convolutional neural network Signal processing, Vol. 36(2020) No.9, p.1415-1421. 

[16] Y.N. Ou, Y. Wei, L.P. Lin. Image super-resolution reconstruction method combining perceptual edge 
constraint and multi-scale fusion network, Computer applications, Vol. 40(2020) No. 10, p.3041-3047. 

[17] T.Y. Xu, M. Xia, F. Li, M. Chang, H. Jiang. Intelligent target detection of multimodal endotracheal 
intubation based on deep learning, Journal of Shanghai University of technology, Vol. 43(2021) No. 5, 
p.436-442 + 483. 

[18] F.X. Yang, X.G. Li, L. Zhuo. Dynamic scene image deblurring based on attention residual codec network, 
Applied optics, Vol. 42(2021) No. 4, p.685-690. 

[19] K.K. Luo, T. Wang, F.F. Yang. U-net segmentation model of brain tumor MR image with attention 
mechanism and multi view fusion, Chinese Journal of image and graphics, Vol. 26(2021) No. 9, p.2208-
2218. 

[20] Y. Ma, Y.G. Shan, J. Yuan. Tomato leaf disease identification based on three channel attention network, 
Science, technology and engineering, Vol. 21(2021) No. 25, p.10789-10795. 

[21] H. Kuang, X. He, M. He, R.S. Qin, C. Jiang, Detection of abnormal voltage data in distribution network 
based on bidirectional long-term and short-term memory neural network,  Science, technology and 
engineering, Vol. 21(2021) No. 24, p.10291-10297. 

[22] Y. Ju, G. Wei, D. Ding, et al. Event-triggered distributed fault detection over sensor networks in finite-
frequency domain, Control Theory & Applications, Vol. 13(2019) No.14, p.2261-2269. 



International Core Journal of Engineering Volume 8 Issue 6, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202206_8(6).0055

 

422 

[23] B.C. Wang, X.X. Wu, W. Zhou, Y.F. Hu, C. Li, J.R. Tang. Design of the Disconnection Fault Detection 
System for Low Voltage Cable in Power System, Proceedings of 2019 4th Asia Conference on Power and 
Electrical Engineering, Vol. 34(2019), p.813-819. 

[24] L. Wierzbowski. Automatyka REZIP - autonomiczny system FDIR (Fault Detection, Isolation and 
Restoration), WIADOMOŚCI ELEKTROTECHNICZNE, Vol. 1(2018) No.6, p.58-62. 

[25] J. Godinez, J. Guo, E. Gill. Agent-based algorithm for fault detection and recovery of gyroscope's drift in 
small satellite missions, Acta Astronautica, Vol. 139(2017) No.10, p.181-188. 

 


