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Abstract— This paper investigates automatic quality inspection 

for the components with small diameter and deep aperture. An 

automatic pick-and-place system is constructed, which employs 

an endoscope to achieve better image quality aiming at the char-

acteristics of the component. A coarse-to-fine contour extraction 

algorithm with four steps is presented to inspect the component’s 

quality. Firstly, approximate locations of the targets are estimated 

using faster region-based convolutional neural networks (faster 

RCNN). Secondly, the corresponding edge image is obtained by 

using the multiscale probability boundary (mPb) detector. 

Thirdly, edge enhancement is performed, which is based on 

Brownian motion model. Fourthly, the corresponding contours 

are finely extracted by edge grouping. A shape analyzing algo-

rithm is utilized to classify the components based on the extracted 

contours. Comparison experiments fully demonstrate the superi-

ority of the proposed inspection method over existing methods. 

Meanwhile, successful inspection results on challenging re-

al-world image data prove that the system is of practical signifi-

cance to industrial applications.  

Index Terms— Defect inspection, image processing, edge 

grouping, coarse-fine positioning, deep-hole component 

I. INTRODUCTION 

uality inspection is a significant concern in many manu-

facturing processes. Until now, this time-consuming task 

is still mainly accomplished by human workers and is in-

creasingly becoming the bottleneck of productivity. Recently, 

the replacement of manual labor using an automatic detection 

system has attracted a good deal of attention, not only to cut 

labor costs, but also to increase detection accuracy. Various 

automatic detection systems are constructed and applied to 

defect inspections of railway surface [1], Ball Grid Array 

component [2], texture surface [3], printed circuit boards [4], 

and flat panel displays [5]. In their special application scenarios, 

the systems work automatically and efficiently without human 

intervention. Meanwhile, it should be noted that the use of 

vision-based measurements (VBMs) is almost intuitive in de-

fect inspection, which is of definite advantages of non-contact 

and thus preventing secondary injury.  

Electric connector, as shown in Fig. 1, is a basic component 

and has found an increasingly wide utilization in multiple areas 

such as aerospace and military industry [6], whose quality 
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inspection is investigated in this study. The component includes 

two parts: a small diameter body and an inner sleeve with deep 

aperture. In the sleeve, several copper wires connecting the top 

and the bottom of the component are evenly distributed. This 

kind of component is produced in various forms with the di-

ameters of the apertures ranging from 0.4 mm to 3 mm and the 

depths of the apertures ranging from 5 mm to 10 mm. The 

internal structures are also different, i.e., the amount of wires 

inside the sleeve varies from 5 to 12. Complex internal structure 

makes the component vulnerable to various damages or defects, 

leading to serious problems in the conductive performance. 

Thus, the component’s quality needs to be inspected before use. 

In the inspection, VBM strategy is adopted for the advantages 

including non-contact and nondestructive. However, the 

above-mentioned systems do not work in the application due to 

the natural characteristics of the components with small diam-

eter and deep aperture. Actually, it is even difficult to get clear 

image of the component with these systems. 

In the inspection of electric connector, shape recognition of 

the internal structure is the major task [7]. According to pre-

vious publications, shape recognition methods for VBM can be 

roughly divided into two categories: those that depend upon 

recognition of feature points or landmarks [4, 7], and those that 

depend on the contour and skeleton of the object [1, 2, 3, 5, 8, 9]. 

For the components considered in the study, only feature points 

or landmarks cannot reflect the complex structure. In most 

cases, this would result in wrong judgment and decision. By 

contrast, richer features are obtained by extracting the contour 

or skeleton based on which higher inspection accuracy could be 

achieved. However, due to the small aperture and the complex 

structure of the component, it is hard to get satisfactory images 

through the traditional image acquisition system. For example, 

shadows and noises are almost inevitable in the image and the 
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Fig. 1.  Mechanical structure of the component, (a) stereo view, (b) par-

tially-sectioned view, (c) cross-section view. 
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contrast of the image is relatively low. Hence, contours often 

break into fragments and cannot be completely detected by the 

existed extraction algorithms [10, 11]. In this sense, it is a 

primary issue to completely and accurately extract the contour 

of the object in such a low-quality image. 

For this problem, edge grouping and completion algorithms 

are emerged as solutions. The grouping process collects indi-

vidual edges together to form continuous contours. In [12], a 

general grouping approach was proposed which could be used 

for the grouping of various types of measurements, and to 

incorporate different grouping cues. In [13], the concepts of 

link saliency and contour saliency were introduced and used to 

identify smooth closed contours bounding objects of unknown 

shape in real image. In [13], the method, named as stochastic 

completion fields [14, 15], was adopted in the calculation of 

transition probabilities. Besides, based on the optimization 

framework pioneered by Jermyn and Ishikawa [16], the method 

called ratio contour was presented in [17, 18] for extracting 

salient region boundaries. Especially, the Symmetric Ratio 

Contour (SRC) method in [18] was for detecting boundaries 

with symmetry. In [19], the path-based grouping method was 

proposed, in which connectivity of edge elements via mediating 

elements was sufficiently explored. Some other publications 

emphasized the closure principle, which is supposed to play a 

critical role in human perception. Meaningful attempts ad-

dressing this issue were reported in [20, 21], both of which 

adopted Conditional Random Field (CRF) model to achieve 

contour closure. However, the differences between them lie in 

the completion mode of contours across gaps and the potential 

function employed in the CRF models. With these methods, the 

accuracy requirement in contour detection could be relaxed. 

However, in many of the approaches, global optimization is 

conducted, in which way information from the whole image 

could be taken into consideration at the same time. The diffi-

culty is, in most cases, the optimization problems are NP-hard, 

which makes it unlikely to find the global optimum in poly-

nomial time. 

An orthogonal line of work regards contours as boundaries 

of regions, where region segmentation is the primary concern. 

Regions of constant or slowly varying texture or color are 

firstly identified, and contours are then straightforwardly de-

termined as closed region boundaries. In the task of region 

segmentation, deep convolutional neural networks (DCNNs) 

have recently shown impressive performances. Fully Convo-

lutional Network (FCN) [22] converted the fully-connected 

layers of VGG into convolutional ones and attempted to har-

ness information from multiple layers to better estimate the 

object boundaries. Within the same FCN framework, denser 

score maps were obtained by using atrous (dilated) convolu-

tions [23-25] and the label map was refined with a fully con-

nected CRF in [23, 24]. The networks were shown to produce 

high-resolution segmentation. The upsampling layer employed 

firstly in FCN was extended to deep deconvolutional networks 

in [26, 27]. As demonstrated, the network [26] performed sig-

nificantly better than FCN although at the cost of complex 

training and inference. The pressure could be alleviated with 

the architecture proposed in [27] by discarding the fully con-

nected layers in the VGG net. Recent work in segmentation is 

the Pyramid Scene Parsing network (PSP net) [28] in which 

multi-scale pooling features were incorporated to make the 

final prediction more reliable.  

Compared with contour, bounding box is a coarse represen-

tation indicating the location and area of an object within an 

image. Obviously, if bounding box is provided, the efficiency 

and accuracy of contour detection would be certainly improved 

by confining the detection to the box. In the definition of 

bounding box, Girshick et al. [29] proposed the method named 

RCNN. RCNN was the pioneering work to apply DCNN to the 

detection task, achieving far much better accuracy than existing 

methods. Despite that, the method takes up 10s to process one 

image and thus the real-time performance is poor. Several 

advanced variants [30-31] are proposed to overcome this limi-

tation. [30-31] computed the feature maps from the entire im-

age only once which were 24-102 faster than RCNN while 

achieving better or comparable accuracy. In [32], a Region 

Proposal Network (RPN) was introduced to address the bot-

tleneck of region proposal computation in the RCNN. The 

method in [32] referred to as faster RCNN is the first 

end-to-end deep learning framework and could serve as a 

practical system. Besides, additional efforts are devoted to 

accuracy improvement. For example, [33] suggested posi-

tion-sensitive score maps to address the dilemma between 

translation-invariance in classification and translation-variance 

in object detection. In [34], an architecture, called Feature 

Pyramid Network (FPN) was proposed which exploits the 

inherent multi-scale, pyramid hierarchy of DCNNs to construct 

feature pyramids. As demonstrated therein, state-of-the-art 

results were achieved by using FPN in faster RCNN.  

Along with DCNNs achieving good performance on image 

related tasks, efforts have been made to apply DCNN to defect 

inspection. Masci et al. [35] creatively proposed a multi-scale 

pyramidal pooling network for the classification of steel defects. 

The network could adapt to the images of different sizes to 

extract multi-scale features and performed far better than tra-

ditional methods. A flexible defect inspection framework was 

proposed in [36], which was general and could be applied to 

different scenarios. A majority voting mechanism was em-

ployed to combine results derived by features from different 

layers of VGG. Wang et al. [37] suggested a fast and robust 

inspection method that utilized traditional CNN with a sliding 

window to localize the product damage. While these methods 

are primarily aimed at the classification task of the defect image, 

exact sizes and locations of defects are not referred at all. In 

[38], a method of realizing five types of surface damages was 

developed based on Faster R-CNN. The method identified the 

types and the locations of defects simultaneously. In [39], Lin 

et al. built a CNN for light emitting diode chip detection. The 

defect regions were localized by using a class activation map-

ping technique without region-level human annotations. Re-

cently, Ren et al. [40] proposed a generic approach for surface 

inspection, in which the features are transferred from a pre-

trained deep learning network to overcome the limitation of 

highly dataset-dependent for traditional CNNs. Besides, Chen 

et al. [9] and Tao et al. In [40-41], the authors divided the whole 
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inspection process into different stages, leading to cascading 

architectures.  

This study investigates defect inspection of electric con-

nector, the component with small diameter and deep aperture. 

To achieve automatic quality inspection, a pick-and-place 

system is established. A VBM is designed to capture the image 

of the component’s internal structure which employs endo-

scope for image quality improvement and is essential to the 

system. With captured images, the subsequent is to extract the 

contours, which however, often break into fragments due to 

noises, shadows and low contrast. To solve the problem, a 

contour grouping method, the SRC method, is adopted for 

contour extraction. To improve the performances of the SRC 

method, the following strategies are designed and applied. 

Firstly, faster RCNN is utilized to define the bounding boxes of 

the targets. With the boxes that roughly indicate the location 

and area, contour extraction is significantly restricted. Secondly, 

a Brownian motion model is proposed to calculate the proba-

bilities of edges belonging to the contours. The edges having 

high probabilities are enhanced while others are suppressed 

most of which arise from noises, shadows and textures. Based 

on the contours, rules arisen from quantified expertise deter-

mine whether the component is qualified to indicate the next 

action of the system. The contribution of the study can be 

summarized as follows: 

1) A VBM including an automatic component pick-and- 

place system is developed, in which an endoscope is em-

ployed to improve the quality of the captured image of the 

component with small diameter and deep aperture. 

2) A hierarchical Brownian motion model is developed, 

based on which an edge enhancement method is devel-

oped. The method enhances the edges arisen from the 

boundaries of the wires and suppresses others. 

3) A novel contour extraction strategy incorporating coarse 

locating and fine contour extraction is proposed, which is 

efficient and universal. 

4) Arising the rules from quantified expertise to determine 

component’s quality and to indicate the next action, the 

constructed system achieves automatic inspection in ex-

periments with satisfactory speed and accuracy. 

The remainder of this paper is organized as follows. The 

component and the entire system are introduced in Section II. 

The Brownian motion model and path-based probability cal-

culation are presented in Section III. In Section IV, the pro-

posed inspection method is detailed. Implementation details are 

provided in Section V. The effectiveness and superiority of the 

proposed method is experimentally verified in Section VI. 

Finally, the study is concluded in Section VII.  

II. SYSTEM OVERVIEW 

A. Introduction of the component 

The component to be studied in this paper contains an ap-

erture with diameter of 1.1 mm and depth of 5.3 mm. Inside, it 

contains five copper wires which are evenly distributed along 

the aperture and cover from the top to the bottom. The wires’ 

diameter is 0.12mm and the angle of every two adjacent wires 

is 72 degree. 

B. Hardware platform  

As shown in Fig. 2, a component pick-and-place system is 

constructed. The system includes four main portions: loading 

device, the VBM, a rotary table and unloading device. Among 

them, the VBM is the core of the system that captures the image 

of the component and then estimates its quality. While con-

ventional lens and lighting patterns cannot satisfy the imaging 

requirements for the component with small size and deep ap-

erture, the designed VBM employs an endoscope to improve 

the quality of the captured images. As experimentally demon-

strated, the distance between the component and the endoscope 

should be about 1mm and the angle between the axis of the 

component and the endoscope should be less than ±10 degree. 

Additionally, other three portions take charge of auxiliary 

functions such as uploading or offloading the component. With 

all of these portions together, automatic quality inspection for 

the component is achieved. 

For the components to be inspected, they are delivered into 

the system by loading device one by one. And for each of them, 

it is clamped by one fixture placed on the rotary table. Then, the 

rotary table rotates 90 degrees anticlockwise around its center 

shaft to align the component with the endoscope. The VBM 

captures the images of the component and estimates its quality. 

After that, the table continues to rotate and delivers the com-

ponent to unloading device. According to the inspection result, 

unloading device releases the component in different areas. So 

far, the entire pick-and place process is accomplished. For ease 

of analysis, typical defects are explained in detail below.  
1) Wire inhomogeneous. The wires’ heads are not evenly 

distributed along the border of the aperture. Their distri-

bution is chaotic. 

2) Wire tortuous. One or more wire(s) has too much bend in 

the middle. 

3) Wire linking. Two adjacent wires are so close that they are 

linked together. 

4) Wire lacking. One or more wire(s) disappears, leading to 

the amount of wires less than five. 

5) Wire broken. Fissure or deletion occurs in the wire(s) 

while the wire head(s) still exits. 

These defects will cause poor connection or even electrical 

Fig. 2.  Automatic component pick-and-place system. 
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equipment failure. However, it is hard to distinguish all these 

types of defects due to their overall ambiguity. From the images, 

we conclude that the imaging differences appear obvious and 

that shadows and noises are almost inevitable in the images. 

Both of these contribute to increased difficulty in the discrim-

ination of the defects. Existing detection algorithms can hardly 

deal with the complex problem. 

C. Flowchart of the inspection method 

According to the analysis of the typical defects, we can 

conclude that the morphologies of the wires completely de-

termine the quality of the component. The morphological in-

formation could be appropriately represented by the contours. 

In this sense, extraction of the wires’ contours is crucial. 

However, contours often break into fragments due to shadows, 

noises and low contrast. To solve the problem, a coarse-to-fine 

contour extraction algorithm is proposed. With the extracted 

contours, a shape analyzing algorithm is utilized to classify the 

components. Based on these concerns, a novel inspection 

method is proposed and is illustrated in Fig. 3. The method is 

divided into the three stages. 

The wires’ positions are coarsely identified in Stage 1 which 

includes two steps. In Step 1, coarse locations of the wires 

recognized by the bounding boxes surrounding them are gen-

erated by faster RCNN. In Step 2, the corresponding edge im-

age is obtained by using the mPb detector [42]. Combining the 

edge image and the bounding boxes, several regions of interest 

(ROIs) are obtained each of which contains the edges for one 

single wire. 

Consequently, the accurate contours of the wires are finely 

extracted in Stage 2 with another two steps. In Step 3, the edges 

belonging to the contour are enhanced and others arisen from 

noises and shadows are suppressed by an edge enhancement 

strategy. In Step 4, the wires’ contours are extracted with a 

grouping algorithm.  

Finally, Stage 3 utilizes a shape analyzing algorithm to in-

spect the component’s quality. Various features of the contours 

are obtained, such as amount, length, orientation and curvature. 

Rules are arisen from quantized expertise and utilized to clas-

sify the component. 

III. CONNECTIVITY MODELING AND PROBABILITY 

CALCULATION 

A. Brownian Motion Modeling 

The model quantifies the connectivity between pairs of edges 

by simulating the movement of a particle that moves with 

constant speed in directions undergoing Brownian motion [13]. 

Here, we assume that the change in direction obeys Gaussian 

distribution. And a fixed speed is chosen which performs well 

in experiments. The process of Brownian motion is represented 

as 

 

{

�̇� = 𝑣 ∙ 𝑐𝑜𝑠 𝜃 ∙ 𝜏
�̇� = 𝑣 ∙ 𝑠𝑖𝑛 𝜃 ∙ 𝜏

�̇�~𝑁(𝑚, 𝛿2)
                              (1) 

 

where �̇� and �̇� specify change in position. v is the speed of the 

particle. 𝜏 is the decay rate. θ is the change in direction, which 

stands for the variation in orientation (i.e. curvature) of two 

edges and we consider it obeying the Gaussian distribution 

𝑁(𝑀, 𝛿2). 

To make the motion model more suitable for discrete pixels 

in the image, a hierarchical propagation strategy is developed. 

The initial position of the particle is supposed to be 0 layer, 

denoted as O0. The eight neighbors, or simply neighbors for 

short in the following, are uniformly called as 1st layer denoted 

as O1. Analogically, Ok+1 is expressed as 

 

𝑂𝑘+1 = 𝐶𝐼 (⋃𝑂𝑗

𝑘

𝑗=0

) ∩ 𝐸(𝑂𝑘)                       (2) 

where 𝐸(𝐴) = {⋃ 𝐸(𝑎𝑖)𝑖 |𝑎𝑖 ∈ 𝐴} , E(ai) is the set of the 

neighbors of ai. I represents the whole image and CI(A) is the 

complementary set of A in I. The moving of the particle from 0 

to k-th layer is completed step by step where, in each step, it 

moves from n-th layer to the neighbors on the n+1-th layer. The 

strategy is illustrated in Fig. 4. 

Given initial and terminal positions, Brownian motion is 

carried out. Before proceeding, we explain several notations. 

The initial position and direction are denoted as P0 and θ0, 

respectively. The terminal position and direction are Pe and θe. 

Fig. 3.  Flowchart of the inspection algorithm. 
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Fig. 4.  Transition probability of the Brownian motion. 

In the motion, Pe is supposed to be in k-th layer. One certain 

position located in n-th layer is generally represented as Pn 

while its moving direction is θn. Its neighbors are labeled as Pni, 

i=1, 2, …, 8. l(∙) is the layer in which the position locates. The 

change of the moving direction is Δθ which obeys the Gaussian 

distribution in (2). For the particle moving from Pn, the next to 

arrive is 
 

𝑃∗ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑃𝑛𝑖

‖𝜃(𝑃𝑛𝑃𝑛𝑖)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  − (𝜃𝑛 + ∆𝜃)‖            (3) 

 

where θ(∙) represents the inclined angle of the vector. Subse-

quently, the particle would proceed next movement step at P* 

in the direction 𝜃(𝑃n𝑃
∗)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗. Based on the above definitions, the 

transition probabilities of one-step, N-step and terminal are 

respectively constructed, which form the basis of the calcula-

tion of probability that the particle moving from the initial 

position to the terminal position. 
One-step transition probability. It refers to the probability of 

a particle moving from current position to each of its eight 

neighbors. Based on (3), the transition probability 

𝑃𝑟(𝑃𝑛𝑖|𝑃𝑛, 𝜃𝑛) of the particle moving from Pn in the direction 

θn to Pni is computed as 

 

𝑃𝑟(𝑃𝑛𝑖|𝑃𝑛, 𝜃𝑛) = ∫ 𝑁(𝜃;𝑚, 𝛿2) 𝑑𝜃
𝜃(𝑃𝑛𝑃𝑛𝑖⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  )+𝜋 8⁄ −𝜃𝑛

𝜃(𝑃𝑛𝑃𝑛𝑖⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  )−𝜋 8⁄ −𝜃𝑛

    (4) 

 

N-step transition probability. It refers to the probability that 

the particle moves from P0 to Pn in n-th layer (k-1≥n≥2). In the 

moving procedure from n-1-th to n-th layer, the particle walks 

along one or more paths, arriving at the same position, as il-

lustrated in Fig. 4. In the figure, different colored arrows rep-

resent different paths and the intersections imply that more than 

one paths could reach the position. Moreover, it is also found 

that n-th layer can only be reached by n-1-th layer. Therefore, 

the probability calculation is only concerned with the paths that 

pass through n-1-th layer. Based on one-step transition proba-

bility, N-step transition probability Pr(Pk) can be computed as 

 

𝑃𝑟(𝑃𝑛) = ∑ 𝑃𝑟(𝑃𝑐) ∙
𝑃𝑐∈𝐸(𝑃𝑛)∩𝑂𝑛−1

                                      

∫ 𝑁(𝜃;𝑚, 𝛿2) 𝑑𝜃
𝜃(𝑃𝑐𝑃𝑛⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  )+𝜋 8⁄ −𝜃𝑐

𝜃(𝑃𝑐𝑃𝑛⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  )−𝜋 8⁄ −𝜃𝑐

               (5) 

 

Terminal transition probability. It refers to the probability 

that the particle moves from P0 to Pe in k-th layer. Considering 

the directions of the particle at P0 and Pe and using the results in 

(4) and (5), the probability Pr(Pe) is represented as 

 

Pr(𝑃𝑒) = ∑ 𝑃𝑟(𝑃𝑐)
𝑃𝑐∈𝐸(𝑃𝑒)∩𝑂𝑘−1

∫ 𝑑𝜃 
𝜃(𝑃𝑐𝑃𝑒⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗)+𝜋 8⁄ −𝜃𝑐

𝜃(𝑃𝑐𝑃𝑒⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗)−𝜋 8⁄ −𝜃𝑐

∙         

∫ 𝑑𝜃′𝑁(𝜃′; 𝑚, 𝛿2)𝑁(𝜃;𝑚, 𝛿2)   
𝜃𝑒+𝜋 8⁄ −𝜃(𝑃𝑐𝑃𝑒⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗)

𝜃𝑒−𝜋 8⁄ −𝜃(𝑃𝑐𝑃𝑒⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗)

 (6) 

 

B. Probability Calculation 

This section considers the probabilities of the detected edges 

belonging to the contour with a prior marker. For each edge, the 

probability is modeled as the connectivity to the initial edge. 

The connectivity mentioned here concerns the path constituted 

of intermediate edges and could be computed by the connec-

tivity of each two consecutive edges on the path. Inspired by the 

work of Fischer [19], the path-based connectivity is computed 

as 

 

𝐷𝑖 = 𝑚𝑎𝑥
𝛤𝑝∈𝑃𝑎𝑡ℎ(𝐸𝑖,𝐸0)

𝑚𝑎𝑥{𝑃𝑟0(𝐸𝑖), 𝑚𝑖𝑛
1≤𝑒<|𝛤𝑝|

𝑆𝛤𝑝[𝑒]𝛤𝑝[𝑒+1]}    (7) 

 

where E0 and Ei are the initial edge and one detected edge in the 

image, respectively. Di is the path-based connectivity of Ei 

which represents the probability of Ei belongs to the contour. 

Path (Ei, E0) is the set of paths from E0 to Ei and Гp is one of the 

paths. Pr0(Ei) is the connectivity between Ei and E0, which is 

calculated with the algorithm described in the previous section. 

S is the connectivity matrix. Formula (7) means that the 

path-based connectivity could be measured by the larger of 

Pr0(Ei) and the lowest connectivity of the path Гp*. The Гp* is 

the path with maximum lowest connectivity out of the set of all 

admissible paths between Ei and E0. 

IV. QUALITY INSPECTION 

A. Wire coarse positioning 

Coarse locations of the wires recognized by the bounding 

boxes surrounding them are identified. As detailed in Fig. 3 

(left), faster RCNN is used in this process. The bounding boxes 

each of which contains a single wire are determined by faster 

RCNN. The bounding boxes could roughly represent the wires, 

based on which an initial judgment of whether the component is 

wire lacking is deduced. However, they would not work in the 

inspection of other defects such as wire tortuous or wire linking. 

It is necessary to further extract accurate contours of the wires. 

For the purpose, edge detection is carried out on the entire 

image. In this process, the mPb detector [42] is adopted. The 

detector explores different types of features including bright-

ness, color, texture gradient and multi-scale information to 

minimize the impact of noise and texture. The method assigns a 

probability to each pixel, indicating whether it belongs to a 

boundary. By using the mPb detector, edges arisen from texture 

and noise could be suppressed. The corresponding edge image 

is obtained by using the mPb detector. Combining the edge 



0018-9456 (c) 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIM.2019.2928347, IEEE
Transactions on Instrumentation and Measurement

  

 

6 

image with the bounding boxes determined by faster RCNN, 

several ROIs are identified, each of which contains the detected 

edges for one single wire. The following contour extraction is 

conducted independently for each wire in the corresponding 

ROI. In this way, the disturbances caused by noise and shadows 

are minimized and the efficiency and accuracy could thus be 

improved. The determination of coarse locations of the wires is 

essential and forms the basis for the following steps. 

B. Accurate contour extraction 

In the process, the accurate contours and skeletons of the 

wires are extracted. This process is conducted independently 

for each ROI and involves the following steps. 

Connectivity Calculation. For ease of description, the calcula-

tion of connectivity 𝜑 between edges l1 and l2 is taken as an 

example. The two endpoints of l1 are respectively denoted as p1 

and p2 while those of l2 are q1 and q2. Their orientations are θ1 

and θ2, respectively. The connectivity between pi and qj is 

computed (i=1, 2, j=1, 2) which is respectively denoted as φp1q1, 
φp1q2, φp2q1 and φp2q2. Then, φ is approximated by 

 

𝜑 ≈ (𝜑𝑝1𝑞1 + 𝜑𝑝1𝑞2 + 𝜑𝑝2𝑞1 + 𝜑𝑝2𝑞2)/4          (8)  

 

In addition, we further explain the calculation of the con-

nectivity between edge endpoints. Without loss of generality, 

we take φp1q1 for instance. φp1q1 denotes the probability of a 

particle moving from p1 in the direction θ1 to p2 heading the 

direction θ2. Based on the Brownian motion model, it is com-

puted with (4), (5) and (6). Similarly, φp1q2, φp2q1 and φp2q2 can 

be calculated and 𝜑 is then obtained. In this way, the connec-

tivity matrix S in which the connectivity between every two 

edges in the image is involved can be constructed. 

Probability Determination. The probability is regarded as the 

path-based connectivity between the edge and the initial edge. 

The initial edge in each ROI is defined in the following way. 

The starting point of the initial edge is the farthest from the 

image center among the four vertices of the ROI. Its orientation 

is parallel to the diagonal that crosses the starting point and 

points to the image center. Its length is set to be 5. The calcu-

lation of the probabilities is based on the connectivity matrix S 

and connectivity between the initial edge and edges in the im-

age. We consider this process as a shortest path problem in a 

directed graph and the Dijkstra’s method is adopted to solve 

this problem. With this algorithm, an edge-in-contour figure in 

which the gray-values of the edges represent the probabilities of 

belonging to the contour can then be established. 

Edge Grouping. We use the criterion SRC algorithm [18] to 

implement the contour extraction. The SRC method is an edge 

grouping method for detecting closed boundaries with sym-

metry when considering the boundary information of proximity 

and symmetry, and the region information of the enclosed area. 

The edge-in-contour figure mentioned above is processed by 

binarization and then is used as the input of the SRC. 

C. Quality inspection based on shape analysis 

As illustrated in Fig. 3 (right), the component’s quality could 

truly be judged by analyzing the shape of the extracted contours 

and skeletons. Different features associated with the shape are 

involved in the analysis, such as curvature, length and orienta-

tion. Among the features, the curvature is crucial especially in 

the inspection of the defects of wire linking and wire tortuous. 

However, it could not be derived directly from the coordinates 

of the points on the skeletons due to noises and coordinate 

jumping between discrete points in the image. Curve smoothing 

is required before accurate curvature estimation. 

Inspired by the work of Wang [17], a global optimization 

strategy is proposed to smooth the curves which are originally 

represented by a number of points obtained by edge detection. 

We refer to these points as base points and associate a quadratic 

spline to each of them. A curve could then be represented with a 

set of connected quadratic splines. Considering the overlap in 

the positions of the adjacent splines, a loss function for the 

whole curve is determined to derive the optimal attributes for 

the splines. The base points corresponding to the splines of the 

curve are corrected by gradient descent method. The coordinate 

of the base point is iterated and updated until it converges or 

reaches the maximum number of iterations. The proposed 

smoothing strategy can eliminate the aliasing and noises on the 

curve while maintaining the primitive shape of the curve. 

After curve smoothing, the curvature, length and orientation 

of the skeleton are computed and are combined with amount 

and location of the contour to judge the component’s quality. In 

the inspection of different defects, different features are em-

ployed as illustrated in Fig. 5. Intuitively, the amount deter-

mines whether or not the component is wire lacking. In the 

inspection of wire broken, both the amount and length are 

involved. The curvatures determine whether or not the com-

ponent is wire linking or wire tortuous. Based on the orienta-

tions, wire linking could be appropriately inspected. In the 

inspection of wire inhomogeneous, the combination of the 

orientations and the locations are considered. As discussed 

above, rules are arisen from quantized expertise and are illus-

trated in Table I. In the table, several notations need to be ex-

plained. Where, n is the amount of the contours and Dmax rep-

resents the maximum distance between any two adjacent con-

 
Fig. 5.  Classification of defects based on contours’ features. 

 

TABLE I  

REGULATIONS TO DISTINGUISH DEFECTS  

Features 
Feature  

Criterion 
Defects 

Amount n ≠ 5 
Wire broken or 
Wire lacking 

Length l < R/2 Wire broken 

Orientation 
θ > 90 or 
 θ < 40  

Wire inhomogeneous or 
Wire linking 

Curvature Cmax > 0.15 
Wire tortuous or 

Wire linking 

Location 
Dmax > R/2 or Dmax 

< R/4 
Wire inhomogeneous 
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tours. For one wire, the length of the skeleton is l. C represents 

the curvature of any point on the skeleton and Cmax is the 

maximum one. θ is the angle between the orientations of two 

adjacent skeletons.  
 

V. IMPLEMENT DETAILS  

Our component detection dataset includes 2307 labeled im-

ages. 2000 randomly selected images and their flipped ones are 

used to train faster R-CNN. For anchors, we use three naive 

scales with box areas of 642, 1282, and 2562 pixels, and three 

aspect ratios of 1:1, 1:2 and 2:1. The network was implemented 

on the PyTorch framework. We chose ResNet101 as our base 

stone network. We train the model with the Stochastic Gradient 

Descent (SGD) solver 80k iterations with a fixed learning rate 

of 0.001 and after 30k iterations reducing the learning rate to 

0.0001. We also use a momentum of 0.9 and a weight decay of 

0.0001. The training time of Faster R-CNN is about 29 hours. 

The accuracy is 97.13% while the IoU threshold is 0.5.  

We used the mPb detector in edge detection, and SRC algo-

rithm in edge grouping, leaving the parameters at their default 

values. To determine the parameters in Brownian motion, we 

begin with a study of the statistical properties with a number of 

human marked images. The curvatures of approximate 150,000 

edge points in 100 images are calculated. The change of angle 

obeyed Gaussian distribution N~ (0.083, 3.0262). The decay 

rate 𝜏 is set to 1.  

VI. EXPERIMENTS AND RESULTS 

According to the configuration provided in Section II, an 

experimental system was set up, as shown in Fig. 6. In this 

system, the camera consisted of one RM17-10-000-65 endo-

scope and one CAM-200 CCD. The size of test image captured 

by the system was 400×368 pixels. The whole algorithm was 

implemented in Python, running on a computer with Ubuntu 16 

operating system, Intel Xeon Processor E5-2620, 128-GB 

RAM and NVIDIA GeForce GTX 1080.  

A. Evaluation metrics and test dataset 

The entire inspection algorithm consists of several stages, 

each of which is experimentally evaluated in the section. Dif-

ferent metrics are employed in the evaluation of different stages, 

all of which are measured by TP, FP, TN, and FN. As com-

monly defined, TP is true positive. FP is false positive. TN is 

true negative and FN is false negative. Utilizing TP, FP, TN, 

and FN, the precision and recall can then be calculated. The 

precision is calculated as TP/(TP+FP) while the recall is cal-

culated as TP/(TP+FN). The accuracy is calculated as 

(TP+TN)/(TP+FP+TN+FN). The performance of different 

stages can be quantified based on the precision and recall.  

To validate the performance of the methods, a test data set 

was constructed including images of both qualified components 

and typical defective ones. To be fair, in each condition, the 

amount was set to 50. Totally 300 components were selected. 

50 of them were qualified while the rest were the ones with 

different defects. 

B. Contour extraction 

The proposed contour extraction algorithm was verified on 

the images captured in industrial locale. Hundreds of captured 

images, in which all possible types of defect introduced in 

Section II were involved, were employed to quantitatively 

evaluate the proposed contour extraction algorithm. Several 

examples are presented in Fig. 7 and from the first row to the 

sixth row respectively are qualified product, wire inhomoge-

neous, wire linking, wire tortuous, wire lacking and wire bro-

ken. For better illustration, the intermediate results are shown 

as well. Figs. 7(b) to 7(e) are the results of Steps 1 to 4, re-

spectively. As illustrated in Fig. 3, Steps 1 and 2 constitute 

Stage 1 while Steps 3 and 4 constitute Stage 2. In the following, 

each stage is explained and the result is analyzed. 

In Fig. 7(b), the coarse positions represented by the red rec-

tangles are accurately detected. We tested Faster R-CNN on the 

test dataset in which a total of 1387 wires are included. Note 

that, the performance of Faster R-CNN is the detection result of 

bounding box. To evaluate this performance, we adopt the 

evaluation metric in Faster R-CNN [32]. Faster R-CNN utilizes 

the IoU (Intersection over Union) to describe the divergence 

between the predicted result and the ground truth. IoU refers to 

the fraction of the overlap of the prediction and ground truth to 

the union of the prediction and ground truth. In Faster R-CNN, 

the author conducted several rules to determine whether there is 

a target in the anchor. One of the rules is that if the IoU is bigger 

than the threshold, then it can be determined that there is an 

object in the anchor. This threshold is called IoU threshold. 

When the IoU threshold is fixed, the precision and recall is 

different according to the different confidence threshold. These 

corresponding precision and recall constitute a PR curve at a 

certain IoU threshold. The area of the PR curve is the AP 

(Average Precision) which can be evaluated the detection 

performance at the current threshold. The AP with different 

IoU thresholds is listed in Table II. The average AP for 10 IoU 

thresholds in Table II is 73.41%. As can be seen from Table II, 

when the IoU threshold is 0.5, the network has the best detec-

tion performance and the AP is 95.02%. Therefore, in the 

proposed method, the IoU threshold in Faster R-CNN is set to 

be 0.5. The metrics demonstrate that the Faster R-CNN is ca-

pable to detect the coarse locations of the wires accurately and 

robustly. Fig. 7(c) is the detection result of the mPb. As can be 

concluded, mPb is effective to overcome noise and texture to 

some extent and even low contrast boundaries of the wires are 

not neglected. The operator would take about 640 milliseconds 

to process an image. 

Fig. 7(d) is the enhancement result. From the comparison of 

Fig. 6.  Experimental system configuration. 
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Figs. 7(c) and 7(d), the edges belonging to the contours are 

enhanced while others most of which arise from the noises and 

shadows are suppressed. After thresholding, the amount of the 

edges is decreased enormously, leading to a significant im-

provement in computational efficiency while ensuring accuracy 

of the contour extraction. In certain areas of the image, the 

luminance and contrast were so low that the edges were totally 

neglected. Hence, the contours of the wires broke into frag-

ments. The problem was solved by the grouping algorithm with 

which the complete and accurate contours were extracted, as 

shown in Fig. 7(e). In the figure, yellow dashed lines and red 

solid lines respectively represent the contour and skeleton of 

wires. It can be seen that in most cases, the proposed contour 

extraction algorithm can detect the boundaries and skeletons 

completely and accurately. In few cases, the algorithm extracts 

the contour of the wire’s body where its head is not included. 

However, this does not affect the results of the final quality 

inspection. This is due to the fact that the quality of the com-

ponent is only influenced by the wires’ bodies. As long as the 

contours of the wires in the aperture are extracted, the quality of 

the component can then be effectively inspected. 

C.  Comparison experiments on contour extraction 

Comparison experiments were conducted for further 

demonstration. First, ablation experiment is conducted for the 

proposed enhancement method. The proposed contour extrac-

tion method is compared with itself but without the enhance-

ment. The comparison results are illustrated in Fig. 8. Figs. 8(b) 

and 8 (c) are the results of the algorithm without and with the 

enhancement method, respectively. In the figure, the red solid 

lines represent the skeleton and yellow dashed lines represent 

(a)                              (b)                                    (c)                                 (d)                                   (e) 

Fig. 7.  Detection results. (a) Original image, (b) detection result of step 1, (c) detection result of step 2, (d) enhancement result of step 3, (e) contour extraction 
result of step 4 

 

TABLE II  

AP OF FASTER R-CNN WITH DIFFERENT IOU THRESHOLD  

IoU 0.5 0.55 0.6 0.65 0.7 

AP(%) 95.02 95.02 94.60 94.29 93.22 

IoU 0.75 0.8 0.85 0.9 0.95 
AP(%) 88.81 77.55 54.74 18.76 0.53 
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the contours. It can be concluded from the comparison that the 

enhancement method contributes to the better result shown in 

Fig. 8(c). The experiment verifies the necessity and effective 

ness of the enhancement method.  

In addition, the proposed contour extraction algorithm was 

compared with two deep learning methods, Mask R-CNN and 

the PSP net. Both the methods achieve state-of-the-art perfor-

mances but for different tasks. Mask R-CNN is for instance 

segmentation while the PSP net is for semantic segmentation. 

In the experiments of Mask R-CNN and the PSP net, the con-

tours were regarded as boundaries of the segmented targets and 

could be straightforwardly obtained with the results provided 

by Mask R-CNN and PSP net. The extracted results were then 

compared with the result of the proposed algorithm. The in-

stance segmentation dataset and the semantic segmentation 

dataset were constructed for training Mask R-CNN and the PSP 

net, respectively. The instance segmentation dataset includes 

2429 labeled images. Among them, 1967 randomly selected 

images were used for training and the remaining 462 images 

were used for validation. The semantic segmentation dataset 

includes 6250 labeled images. For training, 5650 images were 

randomly selected and cropped to the size of 368×368 pixels. 

In the experiments, we trained the two networks with the SGD 

solver 130k iterations with a fixed learning rate 0.001. We also 

used a momentum of 0.9 and a weight decay of 0.0001. 

The three methods were tested the test dataset. The extracted 

results of Mask R-CNN, the PSP net and the proposed method 

are shown in Fig. 9. The yellow solid lines in Figs. 9(b) and 9(c) 

and the yellow dashed lines in Fig. 9(d) are the contours ex-

tracted by Mask R-CNN, the PSP net and the proposed method, 

respectively. Besides, the red solid line in Fig. 9(d) represents 

the skeleton of the wire. Actually, in most cases, all the meth-

ods achieve satisfactory results. An example is shown in the 

first row of Fig. 9. But in some cases, Mask R-CNN and the 

PSP net would lead to poor performance. For the results of 

Mask R-CNN shown in Fig. 9, one of the extracted contours is  

incomplete and deviations occur in several of the contours such 

that they are not in complete accord with the boundaries of the 

wires. This is due to the low contrast of the target. In addition, 

                                                         (a)                                         (b)                                       (c)                                        (d) 
Fig. 9.  Comparison results of the proposed algorithm with the Mask R-CNN and PSP net. (a) Original image, (b) results of the Mask R-CNN, (c) results of PSP 

net, (d) results of the proposed algorithm.  

 

   
 

   

(a)                                (b)                               (c) 

Fig. 8.  Comparison results of the proposed algorithm with and without 

enhancement method. (a) Original image, (b) results without enhancement 
method, (c) results with enhancement method.  
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as shown in the last row of the figure, Mask R-CNN neglects 

the contour of the broken wire. In contrast, the proposed 

method achieves satisfactory result in all of the cases and thus 

the superiority is sufficiently demonstrated. For the PSP net, the 

wires could not be recognized precisely occasionally. One case 

is particular worthy of note, namely when two wires are 

intersected, because in such case the PSP net would mistake 

them for one single target. We would only get one overall 

contour for the two wires, as shown in the second to fourth rows 

of Fig. 9 (c). The proposed algorithm could extract each wire’s 

contour in the emergence of intersecting wires.  

Additionally, the performances of these three methods are 

quantified with the IoU in all test images despite of the true or 

false segmentation. The IoU of the segmentation results with 

different methods on the test dataset is illustrated in Table III. 

As shown in the table, PSP net achieves the best segmentation 

performance and the performance of the 1proposed method is 

better than that of the Mask R-CNN. Since the PSP net cannot 

separate two connected wires properly, the proposed contour 

extraction is the most effective aiming at the component in-

vestigated in this paper.  

Experiment demonstrates that the proposed algorithm occu-

pies the capability of dealing with low-contrast, noises and 

shadows in the particular images, while other algorithms do not. 

Moreover, the proposed algorithm can extract the complete 

morphological information of the target. Thus, it is more ac-

curate in object representation. It should be emphasized that 

pixel-level annotated images are required during training Mask 

R-CNN and the PSP net. Acquiring such data is a 

time-consuming annotation effort while the bounding boxes 

needed in training faster RCNN are far easier to collect. 

Therefore, the proposed contour extraction algorithm is more 

suitable to solve the problem studied in this paper.  

D. Defect Inspection 

The quality inspection algorithm was tested on the test 

dataset. The performance of inspection method which is quan-

tized by precision, recall and accuracy refers to the classifica-

tion result of all test images. The confusion matrix of the in-

spection result is shown in Fig. 10. The inspection accuracy is 

92.67%. As to the proposed method, it is worthy to note that, 

contour extraction is not necessary for all the inspections. In the 

inspection of wire lacking or wire broken, the result could be 

completely determined by the bounding boxes provided by 

faster RCNN and thus contour extraction is not necessarily 

performed. For these two types of defects, the mean detection 

time is 0.15 seconds and the maximum is 0.16 seconds. For 

other defects, the mean detection time is 1.84 seconds and the 

maximum is 2.21 seconds. Generally, it is required in industrial 

site that the detection time should be no more than 3 seconds. 

Therefore, both the real-time and accuracy requirements of 

practical applications are fully satisfied with the proposed 

method.  

The proposed inspection method was compared with several 

state-of-the-art methods. The method was firstly compared 

with the contour-based inspection method in which the PSP net 

was adopted to extract the contours. The comparison was 

conducted in the following way. The contour extracted by the 

PSP net was analyzed by the proposed shape analyzing 

algorithm. The inspection result was obtained according to the 

regulations laid down in Section IV and was compared with the 

result of the proposed method. Mask R-CNN was compared 

with the proposed method in a similar way. Besides, we com-

pared the proposed method with the end-to-end method, the 

multi-task CNNs [8] which inspects different defects with 

different network architectures. The precision, recall and ac-

curacy of these four methods are shown in Tables IV, V and VI 

respectively.  

It can be seen from the tables that the proposed method 

achieves better inspection result than Mask R-CNN mainly due 

to the higher accuracy of contour extraction. The inspection 

accuracy of the PSP net is the lowest mainly because the PSP 

net cannot separate the two connected wires properly leading to 

inspection errors. The multitask CNN increases the accuracy to 

over 90% which however, encounters a bottleneck in industrial 

inspections. Compared with it, the proposed method improved 

the inspection accuracy by 1.34 percentages. Note that the 

multi-task CNN determines the quality of the component by 

training different types of samples in the dataset. It cannot 

prevent that the inspection result is influenced by other factors, 

such as brightness while the proposed method can. Compared 

to multi-task CNN, the proposed method could be conveniently 

improved to satisfy requirements of the industrial site by pa-

rameter adjustment. Moreover, considering the cost of a large 

number of pixel-level annotations required to the segmentation 

network such as Mask R-CNN and PSP net, the proposed 

method is more suitable for industrial applications. With these 

experiments, the superiority of the proposed method over pre-

vious methods is effectively illustrated.  

TABLE III 

IOU OF SEGMENTATION RESULTS WITH DIFFERENT METHODS 

Method IoU 

Mask R-CNN [43] 0.70 

PSP net [28] 0.87 

Proposed method 0.78 

 

 

Fig. 10.  Confusion matrix of inspection result. 
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TABLE VI 

ACCURACY OF DIFFERENT INSPECTION METHODS 

Method Accuracy 

PSP net [28] 68.33% 

Mask R-CNN [43] 89.00% 

Multitask CNN [8] 91.33% 

Proposed method 92.67% 
 

VII. CONCLUSION 

The paper addressed the problem of quality inspection for 

the deep-aperture component, for which an automatic 

pick-and-place system was established. Aiming at the charac-

teristic of the component, an endoscope was employed to im-

prove the quality of captured images. With the images, a novel 

quality inspection method was presented. In the method, a 

coarse-to-fine contour extraction algorithm was proposed to 

obtain the morphological information of the wires inside the 

component. The coarse locations of the wires recognized by the 

bounding boxes surrounding them were firstly generated by 

faster RCNN algorithm. Then, in each bounding box, the cor-

responding wire’s contour was finely extracted by using a 

contour grouping algorithm. The real-time and accuracy per-

formances of the contour extraction algorithm were improved 

with the edge enhancement algorithm. The components were 

ultimately classified by evaluating the morphological infor-

mation of the extracted contour. Experiments demonstrated the 

efficiency and superiority of the proposed inspection method. 

The entire pick-and-place system was verified in industrial 

applications to be effective with the average rate on accuracy 

92.67% and with the max time-to-detection 2.21 seconds, 

which fully meets the industrial requirement. 
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