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Abstract— As a critical electrical connector component in the
modern industrial environment, spring-wire sockets and their
manufacture quality are closely relevant to equipment safety.
These types of defects in a component are difficult to properly
distinguish due to the defect similarity and diversity. In such
cases, defect types can only be determined using cumbersome
human visual inspection. To satisfy the requirements of quality
control, a machine vision apparatus for component inspection is
presented in this paper. With a brief description of the apparatus
system design, our emphasis is put on the defect recognition
algorithm. A multitask convolutional neural network (CNN) is
proposed for detecting those ambiguous defects. Compared with
the image processing method in machine vision, the defect inspection problem is converted into object detection and classification
problems. Instead of breaking it down into two separate tasks,
we jointly handle both aspects in a single CNN. In addition,
data augmentation methods are discussed to analyze their effects
on defects recognition. Successful inspection results using the
presented model are obtained using challenging real-world defect
image data gathered from a spring-wire socket module inspection
line in an industrial plant.
Index Terms— Convolutional neural network (CNN), defect
recognition, machine vision, multitask learning, spring-wire
sockets.

I. I NTRODUCTION

I

N ELECTRONIC communications, aerospace, and military
industry, spring-wire sockets are widely used as the mainelectrical connectors due to their distinct merits, like low
wear and tear, long life, and high reliability in a strong
vibration shock environment. In general, the component has
small diameter and deep hole [see Fig. 1(a)], mainly including
two parts: a small-diameter body and an inner sleeve with deep
hole [1]. The former is composed of a cylindrical shell. The
latter consists of a number of wires and an inner sleeve to form
a single-page hyperbolic structure, as shown in Fig. 1(b).
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Fig. 1. Structure of the component [2]. (a) Whole component. (b) Side view
of a component.

The complex internal structure makes the wires in the inner
sleeve much more vulnerable to various damage or defects
compared with the hard body. These potential wire defects,
such as wire crossed, wire lacking, wire broken, wire linking,
and wire tortuously, might cause serious problems in conductive performance. Hence, it is mandatory to inspect the
quality of the components before they are used for electrical
connections.
To satisfy the detection requirements of component with a
small diameter or deep hole, some work commonly focused
on offline inspection. Some sensing modules were developed [3], [4] to detect in small-diameter steam generator
tube. However, these approaches can only detect a specific
kind of defect. As a nondestructive and promising detection
technique, machine vision has been widely used in a variety of industrial inspection applications [5]–[7]. Compared
with the detection objects of common machine vision systems, the aforementioned component encounters problems in
some conditions. First, many test items have a flat surface,
which are mainly different from the component. It is very
difficult to get a clear image of the internal structure of
the component due to the depth of field and field-of-view
restrictions. Second, common image processing algorithms,
such as edge detection [8], [9], segmentation [10], and line
segment detection algorithm [11], [12], can hardly extract the
internal structure accurately due to the ambiguous boundaries and uneven illumination. Moreover, since the unique
internal structure of the component, there are a lot of noise
and shadows in the acquired image. Finally, wire defects of
the component distribute irregularly. Components of different
product batches are made of different materials that lead
to imaging differences. These scenarios pose challenges to
the defect recognition of the component, and so far conventional processing pipelines have not been suitable for these
tasks. Most enterprises are using manual detection method
for quality control of the component now, which is difficult
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to achieve well repeatable, efficient, and accurate performance.
Currently, the development of defect detection based on
machine vision method for spring-wire socket inspection is
comparatively rare. Some related work is often concerned
with size measurement [13]. Similar work can refer to the
applications of machine vision technology in metallic surface defect detection studies. In [14], the surface defects in
extruded aluminum profiles are recognized with the features,
such as gradient-only co-occurrence matrices and gray-level
gradient co-occurrence matrix. In [15], a casting defect detection method based on the wavelet-based method and a local
normalization algorithm is proposed for the defects on rail
head. The welding joint inspection system in [16] uses four
zones of shape information to classify the weld defects based
on the backpropagation neural network. For defect detection
of steel surface, a Haar–Weibull-variance (HWV) mode [17]
was built to characterize the stochastic texture of the steel
surface. These defective regions are located by the adaptive
threshold, which is computed after evaluating the distance
of each sample with the origin in the HWV space. In [18],
an effective vision-based defect detection approach based on
nonsubsampled contourlet transform is proposed for detecting
surface defects of film capacitors. However, these handcrafted
and low-level-features algorithms are mostly proposed to solve
specific problems and cannot be directly applied to the wires
defects detection. Instead, driven by the advent of large-scale
image data sets and high-performance computing platform,
such as graphics processing unit (GPU), deep neural networks (DNNs) have shown the state-of-the-art performance
on all kinds of computer vision and classification tasks [19].
Some defect detection methods based on DNN were also used
in rail surface defects [20], blood defects [21], colorectal
polyps defects [22], civil infrastructure defects [23], and
so on.
This paper presents a machine vision apparatus for component inspection, which is expected to inspect five kinds
of wire defects in the inner sleeve. The emphasis is put on
the wire defect recognition algorithms. This research has two
main contributions. First, we propose a multitask convolutional
neural network (CNN) framework that incorporates the object
detection and object classification network for wire defect
detection. Second, deep learning is introduced into this field
for the first time. The successful defect recognition results of
our proposed approach are demonstrated using a real-world
data set provided by an industrial production plant.
The remainder of this paper is organized as follows.
Section II introduces the apparatus system design. The proposed component inspection method is shown in Section III.
In Section IV, we explain our data augmentation method in
detail. Section V gives the experiment results, and this paper
is concluded in Section VI.
II. S YSTEM D ESIGN
In this section, the system architecture of the component
inspection instrument is first introduced. Then, the image properties and challenges for wire defect detection are investigated.

Fig. 2.

Diagram of imaging module.

A. System Architecture
The apparatus is mainly composed of two parts: the
hardware system and the software system. The hardware
system is roughly divided into input module, conveyor module,
imaging module, and processing module on the basis of their
functions. The input module is used to input and separate
components with circular vibrating sieve and the mechanical
separator. The conveyor module adopts a displacement platform and gripper connecting to a vacuum pump for motion
control and component holding. When the component is in
place, the component is aligned with the imaging system. The
imaging system aims to obtain high-quality images for the
component. The processing module is adopted to control the
operation of the inspection apparatus.
As shown in Fig. 2, the imaging module consists of a CCD,
coaxial light source, and an industrial endoscope. The diameter
of the component is 1.1 mm, and the depth is 5.3 mm. To overcome the imaging difficulty caused by the small diameter and
deep hole, an industrial endoscope with coaxial light source is
used to obtain high-quality images. The resolution of the CCD
is 1248×938. When the component is in place, a photoelectric
transceiver is triggered and a trigger signal is sent to an
industrial computer, which commands the CCD to acquire an
image of the component. The acquired image is transmitted
to the industrial computer through USB 3.0 interface, where
it is processed by the software system.
The software system of component image acquisition and
processing is implemented with C++, which is developed
based on the image processing and deep learning platform
of OpenCV and Caffe [24].
B. Defects and Challenges
As shown in Fig. 3(a)–(d), a normal component has five
copper wires with covering from the top to the bottom. Those
wires are uniform in circumference. Due to different batches
of materials and the real industrial inspection environment,
the imaging differences appear obvious. Due to imaging
constraints, the wires have shadows that pose a challenge
to the discrimination of ambiguous defects. The difficulty of
component inspection mainly lies in the diversity and the
similarity of wire defects, such as wire crossed, wire lacking,
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(a)–(d) Images of the normal component.

Fig. 4. Typical wire defects of the component. (a) and (c) Wire crossed. (b) and (d) Wire crosses the center of the component. (e) and (f) Wire lacking.
(g) and (h) Wire broken. (i) and (j) Wire linking. (k) and (l) Wire tortuously.

wire broken, wire linking, and wire tortuously, as shown
in Fig. 4. The defect areas are marked in red color. For ease
of analysis, the various defects are described in detail below.
1) Wire Crossed [Fig. 4(a) and (c)]: The main feature of
this defect compared to normal components is that the
copper wire passes through the central area. The detailed
situation marked in red can be seen in Fig. 4(b) and (d).
2) Wire Lacking [Fig. 4(e) and (f)]: One or more wires are
missing.
3) Wire Broken [Fig. 4(g) and (h)]: The wire breaks
from the head. There is also a situation that the wires
distribution in this type is similar to that of wire lacking
with one exception—its wire head still exists.
4) Wire Linking [Fig. 4(i) and (j)]: The only difference
between it and the normal component is that the angle
between the two adjacent wires is very small, almost
linked together. The distribution of other wires is normal.
5) Wire Tortuously [Fig. 4(k) and (l)]: The distribution of
wires is very chaotic, and there are some wires twisted
together. The shape of twisted wires is obvious.

These defects will cause poor connection, even electrical
equipment failure. However, it is hard to distinguish between
these types of defects because of their overall ambiguity shown
in Fig. 4. It can be seen that the same type of defect has the
same appearance with differences in shape, materials, illumination, surface contaminants, and so on. Moreover, there are
only subtle differences in defects between different categories,
such as wire lacking and normal samples. Traditional methods
based on edge extraction of wire or shallow-learning-based
features can hardly deal with this complex situation.
III. D EFECT R ECOGNITION
In this section, our method for recognizing wire defects
is described. The complete pipeline is shown in Fig. 5.
Defect recognition process consists of three stages: region of
interest (ROI) extraction, ROI detection and classification, and
result fusion. First, for each acquired image, ROI is extracted
with average Hough circle detection (AHCD). Then, in order
to accurately classify ROI, a multitask CNN is designed. The
ROI is fed to two branches: a detection network branch and
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Complete pipeline of defect recognition.

a classification network branch. The detection network that is
implemented based on region proposal network (RPN) is used
to detect whether the center area has wire crossed or not. The
classification network is used to recognize the type of defects
based on deep features. This network is trained end to end
using a large amount of data, which is composed of synthetic
images. Finally, two-branch results from each ROI are fused
to obtain the final defect recognition results.
A. Component ROI Extraction
Since the collected component images in real industrial
production line have large differences in illumination, shape,
material, and size, it takes a lot of tricks to inspect them. Fortunately, there is a uniform circle area within the component. For
this reason, we use Hough transform to extract component ROI
from each image. First, the collected image is downsampled in
order to speed up postprocessing. Then, the center and radius
of the circle of the inner sleeve are computed by the AHCD
to eliminate the impact of imaging difference. We sort the
accumulation matrix in the Hough space, and the first N circles
detection results are extracted. By averaging the coordinates
of the N circles and adding an offset, the final exact inner
circle and radius can be obtained as
⎧
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where [x ci , yci ] and rci are the coordinates and the radius
of the i th circle detected by Hough transform. [x c , yc ] and rc
are the coordinates and the radius of the inner circle (ROI).
ζ is the radius offset.
An example of the extracted ROI is shown in Fig. 6. The
first N circles are marked in green color. The final inner

circle that is marked in red color is exacted as ROI. Because
components of different product batches are made of different
materials and size, the collected images present large difference. To decrease this kind of influence, we use the contrastlimited adaptive histogram equalization (CLAHE [25]) to
adjust the contrast of the images, and then images are resized
to 224 × 224 pixels before being input into the network.

B. Multitask CNN for ROI Detection and Classification
After the ROI extraction, the wire area of the component is
obtained. The tasks of this stage are to recognize the detailed
classes of the ROI, namely, ROIs detection and classification,
respectively. Through the above analysis, the wire crossed
that is the subtle defect can only be distinguished by center
region, while other types of wire defects can be judged by
a global feature. Traditionally, most related works deal with
these two tasks separately. The support vector machine (SVM)
classifier with handcrafted features, such as local binary patterns (LBPs), biologically inspired scene features (GIST), and
the histogram of oriented gradient features based on sliding
window frame, is a conventional detection method.
In this paper, we propose a multitask CNN architecture,
which unifies the two tasks. The multitask network (see Fig. 5)
has a shared core network with two branches: the ROI
detection branch for detecting wire crossed area and the ROI
classification branch for multiclass wire defects recognition.
During the training stage, all ROIs are fed to the network,
and losses from both the branches are used to jointly optimize
the proposed network. The multiple tasks are optimized by a
linear multitask combination strategy. Namely, the loss L M
is a weighted linear combination of the multiple objective
functions shown as
L M = α · L D + (1 − α) · L C

(2)

where L D and L C are the objective functions of the defect
detection task and classification task, respectively, and α is
the weight of the task, which specifies the relative importance
of each task and can be experimentally chosen.
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Component ROI Extraction.

1) Shared Core Network: The shared core network was built
up on the VGG-16 network [26]. The VGG-16 network is
constructed of a stack of 3 × 3 convolution layers (conv) with
nonlinearities (ReLU) and periodically followed by 2×2 maxpooling layers (pool) for downsampling. Since the network is
equipped with five max-pooling layers, the spatial size was
reduced by a factor of 32. Based on the shared core network,
the ROI is transformed from raw pixels to convolutional
feature maps.
2) ROI Detection Branch: The wire crossed proposal net is
built upon these feature maps based on RPN. It can quickly
produce a collection of detection boxes that may contain the
wire crossed region in ROI. Then, the proposal regions are
fed into detection net with ROI-pooling to extract normalized
256-d features for each of them. In the wire crossed proposal
net, we follow [27] to associate nine anchors at each feature
map location, and use a softmax classifier to predict whether
each anchor is the wire crossed region or not, as well as a linear regression to adjust their locations. We adjusted the bounding boxes based on nonmaximum suppression as our final
proposals. To find the target of wire crossed among all these
proposals, we build detection net to extract the features of
each proposal. The ROI-pooling layer pools a 1024 × 28 × 28
region from the feature maps for each proposal. Since the
wire crossed proposals would inevitably contain some false
alarms and misalignments, a softmax classifier and a linear
regression are used again to reject nonwire crossed and refine
the locations. For training detection net, the loss function L D
for ROI can be defined as




1  ∗
1 
(3)
LD =
L cls pi , pi∗ + λ
pi L reg ti , ti∗
Ncls
Nreg
i

i

where i is the index of object proposals and pi represents
the ground truth label. pi∗ is the label of i th object proposals;
if the object proposal is object, pi∗ = 1; otherwise, pi∗ = 0.
ti is a four dimension vector that represents the coordinates
of detection box, and ti∗ is the labeled detection box. L cls and
L reg are softmax loss function and regression loss function,
respectively, and Ncls , Nreg are the numbers of class and
number of detected box. With λ, these three parameters are
used to normalize the two loss functions.
3) ROI Classification Branch: In the classification branch,
the ROI image is transformed into the final class scores.
Two fully connected layers that have 4096 nodes connect
from pooling layers of shared core network. ReLU layer is
added after each fully connected layer. Dropout layer with
a probability of 0.5 is added after the two fully connected

layers. The node number of the final decision layer is 5, which
represents the number of the normal and defect classes except
wire crossed. Wire crossed and normal component are labeled
into the same class in training process. The softmax layer is
used at the output, which estimates the probability of ROI
image belonging to each class. For training classification net,
the loss function L c for ROI can be defined as

L C (x, y) = −
yi log pi (x)
(4)
i

where pi (x) is the probability of input x being labeled with
li and y is the ground truth, where yi = 1, with the true class
equal to one and the rest equal to zero.
C. Result Fusion
For each extracted ROI, it is sent to the above multitask
CNN to obtain the detection and classification results. Since
the global feature of the wire crossed is the same with
normal components, they cannot be distinguished through the
classification network. For this reason, it is necessary and
important to fuse results from the detection and classification
to obtain the final recognition result.
Only the wire crossed region of ROI is detected with high
confidence in the detection network, and it is judged as a
normal sample in the classification network. The type of ROI
can be classified as wire crossed. Otherwise, its type is the
output of the classification network.
IV. DATA AUGMENTATION
Both detection and classification stage rely on the CNN
model. As CNN structure is easy to overfit, it is required to
obtain as much labeled data as possible to train a reliable
CNN model. For this purpose, we create a synthetic data
using affine transformation, adding noise, blur, and so on.
In order to simulate the change of viewpoint in a real scene,
a random affine transformation is applied to defect images.
The affine transformation using the matrix representation with
six parameters can be defined as follows:
p̄ = A p̄
where

⎡

A=

M
0

m 11
t
= ⎣ m 21
1
0

(5)
m 12
m 22
0

⎤
t1
t2 ⎦.
1

(6)

Here, p̄ is the homogeneous coordinates of the point after
transformation and p̄ = [x  , y  , 1]T . M controls the scaling,
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TABLE I
N UMBER OF D ATA S ET

Fig. 7. Data augmentation. (a) Original image. (b)–(e) Rotate 20°, 40°, 60°
and 90°, respectively. (f) and (g) Add with Gaussian noise and pepper noise.
(h) and (i) Gaussian blur (δ = 1.88, δ = 2.31).

shear, rotation, and reflection transforms of the image, and
t controls the translation transform. Through the matrix A,
the coordinate point p̄ = [x, y, 1]T in the original defected
image can be mapped to the point p̄ in the new image. Due
to the central symmetry of the ROI region, rotation is the most
efficient way for data augmentation. In data augmentation,
the center of the ROI region is used as the center of rotation by
changing the matrix M to achieve the distribution of wire parts
under real conditions. As for adding noise, the images add with
Gaussian noise and pepper noise for simulating imaging noise.
The blur images are filtered by using a Gaussian kernel with δ
as standard derivation. This filtering is to simulate the image
taken by a camera without precision focus. Fig. 7 shows the
result of data augmentation.
V. E XPERIMENT
In this section, we first introduce our data sets and
experimental configuration. Then, we evaluate our multitask
CNN model, and comparison results with other methods are
presented.

format of VOC2007 [28] as the ground truth. The annotation
file consists of position and label. The position is represented
by the coordinates of the center region’s left top corner and
bottom right corner, and the label is a word to explain that
wire crossed is in the center region.
2) Implementation Details: Experiments were implemented
based on the deep learning framework Caffe [24], and executed
on a personal computer (PC) with an Intel Core i7 CPU,
NVIDIA GTX-1080 GPU with 8 GB of video memory, and
32 GB of RAM. The PC operating system is Ubuntu 16.04.
Compared with the large samples needed for deep learning,
the defect samples are too few in industrial production.
Hence, we adopted the VGG-16 pretrained model to initialize
the convolutional layers in the shared core network. All the
layers’ weights that were related to the output number will be
initialized by zero mean Gaussian with standard derivation
equals to 0.001. The confidence of ROI detection is set
to 0.95. The default relative importance of each task α is 0.6.
We trained the network using a batch size of 30 for a total
of 100 000 iterations with a momentum of 0.9 and a weight
decay of 5 × 10−5 . The learning rate is initially set to 0.01.
3) Evaluation Metrics: We adopted the precision to quantitatively evaluate the performance. The higher the precision
value, the better the performance, and vice versa. The score
is calculated as follows:
TP
(7)
score =
TP + FP
where true positive (TP) and false positive (FP) denote the
number of the wire defect that are correctly classified and
incorrectly classified, respectively. Likewise, in the detection
task, TP and FP represent that the object is detected correctly
and incorrectly in the image.
B. Performance of Multitask CNN

A. Data Set Description and Experimental Configuration
1) Data Set Description: Our defect image data set is
gathered from a production line of the wire spring using our
inspection apparatus. Each component is checked in advance
by an expert inspector and marked in different categories,
as shown in Table I. It provides 2228 images divided into
six classes that consist of five defect categories and a normal
category. We used 70% of the images for training and 30% for
testing. Images are of 3-channel red, green, blue (RGB), 8-bit
depth in each channel, and of size 1248 × 938. The region of
wire crossed in the images is annotated manually based on the

The feature description is a key point in defect image
recognition. In Fig. 8, we list the first three feature maps of the
shared core network in our experiments. It can be seen that the
response of deep CNN is sparse and selective. Compared with
the handcrafted and low-level features, deep CNN features are
highly distinguishable.
In order to better analyze the network performance, we first
give the performance of the two branches separately. Table II
gives the results of ROI detection network in different weight
of the task α. The detected result of wire crossed is shown
in Fig. 9. The red box denotes the wire crossed region.
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Fig. 8. Feature maps of the shared core network. (a) conv1. (b) conv2.
(c) conv3.

TABLE II
D ETECTION S CORES OF D IFFERENT W EIGHT
Fig. 11.

Confusion matrix of the final wire defect recognition.
TABLE III
C OMBINATION OF D IFFERENT ROI E XTRACTION

Fig. 9. Defect detection results. The red box denotes the wire crossed region.
(a) Bottom wire. (b) Bottom left wire. (c) Upper left wire.

Fig. 12. Classification results of the combination methods on wire defect
classification.

Fig. 10.

Confusion matrix of wire defect classification.

The confidence is on the top middle of each box. As can
be seen from Table II, the best detection score is 97.53%.
It shows that our method can detect the wire crossed defect
in the complex backgrounds successfully.
For the ROI classification network, the confusion matrices
are shown in Fig. 10. It can be seen that all wire crossed is
detected as a normal component. After resulting from fusion
with the best detection score, the final confusion matrices are
shown in Fig. 11.
In this section, we investigate the performance of combining
different ROI extraction methods. For each combination, the
scores of recognition result are recorded. Table III lists the
results for different combinations.

From Table III, we can see that the ROI extraction with
CLANE is better than raw image input. The process with
CLANE is inferior to the ROI extraction, which is 92.96%
compared with 92.66%. This means that color normalization
is helpful for recognition. The detailed classification results of
the five statuses are shown in Fig. 12.
Conventional methods usually input the original defected
image directly into the neural network, without pinpointing the
ROI and eliminating the interference of illumination information. Our preprocessing has both ROI extraction and CLANE
parts. As shown in Fig. 12, it can be seen that the our proposed
method is better than conventional methods among the five
defects. When combining two parts, higher scores will be
obtained, except in the wire tortuously. This may be that
CLANE operation would reduce the characteristic information
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TABLE IV

TABLE VI

P ERFORMANCE OF M ULTITASK L EARNING AND S INGLE -TASK L EARNING

P ERFORMANCE OF T RAINING D ATA S ET U SING D IFFERENT
AUGMENTATION M ETHOD

TABLE V
R ESULTS OF F OUR M ETHODS

of the wire tortuously, resulting in a decline in accuracy.
However, in order to achieve good results in all five defects,
it is necessary to combine the two processes. Especially in the
case of wire broken, it achieved significant detection results
compared with the other three conventional methods.
To compare the performance of the multitask method,
we compared with the single-task learning model. As can be
seen from Table IV, the multitask model exhibited slightly
higher performance than the single-task models. Meanwhile,
the multitask network can perform both tasks two times faster
than a cascade of two single-task networks.
In this section, we compared the recognition result
with traditional features. Wire defect recognition is converted into the classification problem based on feature
extraction. We use three general texture feature extraction
methods on the aforementioned data set, which are multiresolution LBP (MLBP) [29], gray level co-occurrence
matrix (GLCM) [14], and GIST [30]. For the MLBP, the image
feature is a joint distribution about rotation invariant variance
measure and gray-scale rotation invariant local binary pattern.
This feature has been demonstrated to perform well on a
variety of texture data sets. Thus, we select it as a benchmark method. For the GLCM [14], the texture features are
a combination of energy, contrast, entropy, and correlation.
For the GIST [30], the image is divided into 16 × 16 grids,
and the average Gabor filter response is obtained from each
grid. All of the averages are concatenated into a vector as the
feature description finally. In addition to the general texture
features, the state-of-art DNN features [31] are also selected
as a benchmark. The classifier is chosen to be SVM. The
results are shown in Table V. It can be shown that deep feature
outperforms all the benchmarks with 86.52%. However, it is
difficult to detect defects by classification alone, such as wire
crossed.
C. Effect of Additional Data
In order to evaluate the data augmentation effects used in
this paper, we experimented with different parts of the data

and compared the results of defect recognition on the data set.
The methods in this paper and [32] are both evaluated. The
experiments follow the same parameters setting as the previous
one, and the only difference is the data used to train the
multitask CNN. Four databases are built in the same number
of different augmentation method for training data. The testing
data of the six databases are the same. The number of defective
images in each type of data set is augmented to 600. From
Table VI, it can be seen that all the data augmentation methods
we use can increase the score. The rotation is more useful than
the Gaussian blur. The combination of the three types of data
gives the best result.
VI. C ONCLUSION
In this paper, a machine vision apparatus for spring-wire
socket defect recognition has been proposed. In order to meet
the needs of product quality control, a wire defect analysis
pipeline based on multitask CNN is designed to detect various
ambiguous defects. First, the ROI of wires region is located by
AHCD. Then, the multitask CNN is developed to detect the
wire crossed defects and classify the type of defects based on
deep features in two branches. Finally, two branches results
from each ROI are fused to get the final defect recognition
results. The accuracy and the robustness of defect recognition
algorithm are sufficient to meet the requirements of industrial
environment. The successful recognition result of our proposed
approach is shown through a real-world data set provided by an
industrial production line. Moreover, the developed algorithm
can also be applied to other industrial defect detection.
R EFERENCES
[1] B. Tunaboylu, “Electrical characterization of test sockets with novel
contactors,” IEEE Trans. Device Mater. Rel., vol. 14, no. 1,
pp. 580–582, Mar. 2014.
[2] Y. Zhou, L. Guan, and N. Tian, “Effect of structural design of hyperbolic
wire spring connector on reliability of electrical contacts,” in Proc. 2nd
Int. Conf. Rel. Syst. Eng. (ICRSE), Jul. 2017, pp. 1–8.
[3] V. Suresh, A. Abudhahir, and J. Daniel, “Development of magnetic flux
leakage measuring system for detection of defect in small diameter steam
generator tube,” Measurement, vol. 95, pp. 273–279, Jan. 2017.
[4] L.-S. Zhai, P. Bian, Y.-F. Han, Z.-K. Gao, and N.-D. Jin, “The measurement of gas–liquid two-phase flows in a small diameter pipe using
a dual-sensor multi-electrode conductance probe,” Meas. Sci. Technol.,
vol. 27, no. 4, p. 045101, 2016.
[5] H.-H. Chu and Z.-Y. Wang, “A study on welding quality inspection
system for shell-tube heat exchanger based on machine vision,” Int.
J. Precision Eng. Manuf., vol. 18, no. 6, pp. 825–834, 2017.
[6] N. Cai et al., “A new IC solder joint inspection method for an automatic
optical inspection system based on an improved visual background
extraction algorithm,” IEEE Trans. Compon., Packag., Manuf. Technol.,
vol. 6, no. 1, pp. 161–172, Jan. 2016.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
TAO et al.: WIRE DEFECT RECOGNITION OF SPRING-WIRE SOCKET USING MULTITASK CNNs

[7] H. Wu, X. Zhang, H. Xie, Y. Kuang, and G. Ouyang, “Classification of
solder joint using feature selection based on Bayes and support vector
machine,” IEEE Trans. Compon., Packag., Manuf. Technol., vol. 3, no. 3,
pp. 516–522, Mar. 2013.
[8] J. Canny, “A computational approach to edge detection,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. PAMI-8, no. 6, pp. 679–698,
Nov. 1986.
[9] P. Perona and J. Malik, “Scale-space and edge detection using
anisotropic diffusion,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 12,
no. 7, pp. 629–639, Jul. 1990.
[10] P. F. Felzenszwalb and D. P. Huttenlocher, “Efficient graph-based
image segmentation,” Int. J. Comput. Vis., vol. 59, no. 2, pp. 167–181,
Sep. 2004.
[11] R. G. von Gioi, J. Jakubowicz, J.-M. Morel, and G. Randall, “LSD:
A fast line segment detector with a false detection control,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 32, no. 4, pp. 722–732,
Apr. 2010.
[12] C. Topal and C. Akinlar, “Edge drawing: A combined real-time edge
and segment detector,” J. Vis. Commun. Image Represent., vol. 23, no. 6,
pp. 862–872, 2012.
[13] L. Bao, Z. Pu, and W. Tang, “Aviation springwire socket measurement system based on computer vision,” (in Chinese), Semicond.
Optoelectron., vol. 27, no. 3, p. 333, 2006.
[14] A. Chondronasios, I. Popov, and I. Jordanov, “Feature selection for
surface defect classification of extruded aluminum profiles,” Int. J. Adv.
Manuf. Technol., vol. 83, nos. 1–4, pp. 33–41, 2016.
[15] X. Li, S. K. Tso, X.-P. Guan, and Q. Huang, “Improving automatic
detection of defects in castings by applying wavelet technique,” IEEE
Trans. Ind. Electron., vol. 53, no. 6, pp. 1927–1934, Dec. 2006.
[16] G. S. Kumar, U. Natarajan, and S. S. Ananthan, “Vision inspection
system for the identification and classification of defects in MIG welding
joints,” Int. J. Adv. Manuf. Technol., vol. 61, nos. 9–12, pp. 923–933,
2012.
[17] K. Liu, H. Wang, H. Chen, E. Qu, Y. Tian, and H. Sun, “Steel
surface defect detection using a new Haar–Weibull-variance model in
unsupervised manner,” IEEE Trans. Instrum. Meas., vol. 66, no. 10,
pp. 2585–2596, Oct. 2017.
[18] Y. Yang, Z.-J. Zha, M. Gao, and Z. He, “A robust vision inspection
system for detecting surface defects of film capacitors,” Signal Process.,
vol. 124, pp. 54–62, Jul. 2016.
[19] Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning,” Nature, vol. 521,
pp. 436–444, May 2015.
[20] S. Faghih-Roohi, S. Hajizadeh, A. Núñez, R. Babuska, and
B. De Schutter, “Deep convolutional neural networks for detection of rail
surface defects,” in Proc. Int. Joint Conf. IEEE Neural Netw. (IJCNN),
Jul. 2016, pp. 2584–2589.
[21] E. Misimi, E. R. Øye, Ø. Sture, and J. R. Mathiassen, “Robust classification approach for segmentation of blood defects in cod fillets based
on deep convolutional neural networks and support vector machines and
calculation of gripper vectors for robotic processing,” Comput. Electron.
Agricult., vol. 139, pp. 138–152, Jun. 2017.
[22] R. Zhang et al., “Automatic detection and classification of colorectal polyps by transferring low-level CNN features from nonmedical
domain,” IEEE J. Biomed. Health Inform., vol. 21, no. 1, pp. 41–47,
Jan. 2017.
[23] C. Feng, M.-Y. Liu, C.-C. Kao, and T.-Y. Lee, “Deep active learning for
civil infrastructure defect detection and classification,” in Proc. Comput.
Civil Eng., 2017, pp. 298–306.
[24] Y. Jia et al., “Caffe: Convolutional architecture for fast feature
embedding,” in Proc. 22nd ACM Int. Conf. Multimedia ACM, 2014,
pp. 675–678.
[25] K. Zuiderveld, “Contrast limited adaptive histogram equalization,”
in Graphics Gems IV. San Diego, CA, USA: Academic, 1994,
pp. 474–485.
[26] K. Simonyan and A. Zisserman. (2014). “Very deep convolutional
networks for large-scale image recognition.” [Online]. Available: https://
arxiv.org/abs/1409.1556
[27] R. Girshick, “Fast R-CNN,” in Proc. IEEE Int. Conf. Comput. Vis.,
Dec. 2015, pp. 1440–1448.
[28] M. Everingham, L. Van Gool, C. K. I. Williams, J. Winn, and
A. Zisserman, “The Pascal visual object classes (VOC) challenge,” Int.
J. Comput. Vis., vol. 88, no. 2, pp. 303–338, Sep. 2009.

9

[29] T. Ojala, M. Pietikäinen, and T. Mäenpää, “Multiresolution gray-scale
and rotation invariant texture classification with local binary patterns,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 24, no. 7, pp. 971–987,
Jul. 2002.
[30] A. Torralba, A. Oliva, M. S. Castelhano, and J. M. Henderson, “Contextual guidance of eye movements and attention in real-world scenes:
The role of global features in object search,” Psychol. Rev., vol. 113,
no. 4, p. 766, 2006.
[31] S. Faghih-Roohi, S. Hajizadeh, A. Núñez, R. Babuska, and
B. De Schutter, “Deep convolutional neural networks for detection of
rail surface defects,” in Proc. Int. Joint Conf. Neural Netw. (IJCNN),
Jul. 2016, pp. 2584–2589.
[32] X. Yu, X. Wu, C. Luo, and P. Ren, “Deep learning in remote sensing
scene classification: A data augmentation enhanced convolutional neural
network framework,” GISci. Remote Sens., vol. 54, no. 5, pp. 741–758,
2017.

Xian Tao received the M.Sc. degree in mechanical
and automotive engineering from the China
University of Mining and Technology, Beijing,
China, in 2013, and the Ph.D. degree from the
Institute of Automation, Chinese Academy of
Sciences (IACAS), Beijing, in 2016.
He is currently an Assistant Professor with the
Research Center of Precision Sensing and Control,
IACAS. His current research interests include
deep learning and automated surface inspection for
industry.

Zihao Wang received the B.Sc. degree from the
Civil Aviation University of China, Tianjin, China,
in 2015, where he is currently pursuing the M.Sc.
degree in control science and engineering with the
Sino-European Institute of Aviation Engineering.
He mainly focuses on object detection and aspires
to pursue the Ph.D. degree in USA. His current
research interests include computer vision and deep
learning.

Zhengtao Zhang received the B.Sc. degree from the
China University of Petroleum, Dongying, China,
in 2004, the M.Sc. degree from the Beijing Institute of Technology, Beijing, China, in 2007, and
the Ph.D. degree from the Institute of Automation,
Chinese Academy of Sciences (IACAS), Beijing,
in 2010, all in control science and engineering.
He is currently a Professor with the Research
Center of Precision Sensing and Control, IACAS.
His current research interests include visual measurement, microassembly, and automation.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
10

IEEE TRANSACTIONS ON COMPONENTS, PACKAGING AND MANUFACTURING TECHNOLOGY

Dapeng Zhang received the B.Sc. and M.Sc.
degrees from the Hebei University of Technology,
Tianjin, China, in 2003 and 2006, respectively,
and the Ph.D. degree from the Beijing University
of Aeronautics and Astronautics, Beijing, China,
in 2011.
He is currently an Associate Professor with
the Research Center of Precision Sensing and
Control, Institute of Automation, Chinese Academy
of Sciences, Beijing, and the University of Chinese
Academy of Sciences, Beijing. His current research
interests include robotics and automation, in particular, medical robot and
virtual robotic surgery.

De Xu (M’05–SM’09) received the B.Sc. and M.Sc.
degrees from the Shandong University of Technology, Jinan, China, in 1985 and 1990, respectively,
and the Ph.D. degree from Zhejiang University,
Hangzhou, China, in 2001, all in control science and
engineering.
He has been with the Institute of Automation,
Chinese Academy of Sciences since 2001, where he
is currently a Professor with the Research Center of
Precision Sensing and Control. His current research
interests include robotics and automation, such as
visual measurement, visual control, intelligent control, welding seam tracking,
visual positioning, microscopic vision, and microassembly.

Xinyi Gong received the B.Sc. degree in automation
from Tsinghua University, Beijing, China, in 2014.
He is currently pursuing the Ph.D. degree in control science and engineering with the Institute of
Automation, Chinese Academy of Sciences, Beijing,
and the University of the Chinese Academy of
Sciences, Beijing.
His current research interests include computer
vision, image processing, pattern recognition, and
machine learning.

Lei Zhang received the B.Sc. degree in mechanical
and automotive engineering from the China
University of Geosciences, Beijing, China.
He is currently a Mechanical Engineer with the
Research Center of Precision Sensing and Control,
Institute of Automation, Chinese Academy of
Sciences, Beijing. His current research interests
include mechanical design and mechanical analysis.

