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Abstract. In modern integrated circuit manufacturing processes, wafers 
are always transported from one procedure to another. To reduce the risk 
of dust, Front Opening Unified Pod (FOUP) load-port system is always 
adopted. Misplaced wafers should be detected before transported. 
Traditional methods always fail to detect wafer states correctly. To 
improve detection accuracy, this paper proposed a vision based method. 
Wafer overlap and malposition detection approach based on modified 
YOLO-V3 algorithm was suggested. Experiment results shows superiority 
of the proposed approach. 

1 Introduction 
In integrated circuit manufacturing, silicon chips are produced through multiple 

production processes. Wafer handling system plays a very important role in the factory for 
transporting wafers from one work flow to another. FOUP load-port system, which can be 
seen in Figure 1, is an equipment for recovering or placing silicon wafers from the 
processing unit through wafer box. In the FOUP load-port system, vacuum robot is used as 
loading and unloading mechanism. 

 

Fig. 1. FOUP load-port system. 

In some cases, wafers in the FOUP have the possibility of overlap or malposition. This 
would cause subsequent operations to fail. Overlap and malposition states can be seen in 
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Figure 2. In order to correct these mistakes, wafer overlap or malposition detection 
procedures should take effect. However, traditional detection methods, for example 
opposite-type photoelectric switch based methods, cannot meet the requirements of high-
precision detection. As a result, FOUP load-port system is hardly competent in the 
integrated circuit processing. 

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

Fig. 2. Silicon wafer states: (a)FOUP and wafers; (b)correct; (c)overlap; (d)malposition. 

In our work, we designed a vision based detection system to improve wafer overlap and 
malposition detection accuracy in FOUP load-port applications. Firstly, we choose 
monocular camera as the sensor. In order to improve system’s robustness, we carefully 
adjusted the position and the angle of view of the camera. Secondly, we proposed a wafer 
overlap and malposition detection approach based on improved YOLO-V3 algorithm. 
According to experiment results, the proposed method can provide high detection accuracy 
and efficiency.  

The rest of the paper is organized as follows. Section 2 introduces methods for object 
detection. Section 3 discussed details of the proposed approach for silicon wafer detection. 
Section 4 describes performance of the detection system and analyses experiment results. 
The last part, Section 5, gives the conclusion of the paper. 

2 Related works 
In recent few years, some effective methods have been proposed to detect objects in images. 
Traditional detection methods like keypoint feature matching based methods[1–3], shape 
matching based methods[4,5], Hough transform based methods[6], machine learning based 
methods[7,8] were developed to recognize or detect objects in images.  

From year 2014, deep learning based methods were developed rapidly. Many deep 
learning architectures like Fast R-CNN[9], SSD[10], YOLO[11] have been developed to 
revolutionize object detection accuracy. As a regression based algorithm, YOLO and the 
subsequent improved algorithm get more and more attentions. This paper introduced a 
method inspired by YOLO-V3[12] architecture, and the approach was successfully applied in 
wafer states detection. 

3 Robust wafer overlap and malposition detection approach 

Original images have lots of background information. These background information has 
no contributions to the detection results. To improve detection robustness, only regions 
containing wafers are reserved. Then, projective transformation and downsampling are 
performed to obtain 416×416 size images. And the results are feed into our designed 
detection neural network. 
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Fig. 3. The proposed neural network 

The designed approach is inspired by YOLO-V3 architecture. The difference between 
YOLO-V3 and ours are reflected in two aspects. The first is that we simplified the original 
YOLO-V3 network. The second is that the output results are truncated to meet the detection 
needs. The structure of the proposed neural network can be seen in Figure 3. 

In the wafer states detection system, we divide waters’ states into three classes: correct, 
overlap and malposition. To address the detection problem, each detection result is 
represented as a 26×26×8-dimentional tensor. The result indicates that there are 26×26 
detection result and each result is a 8-dimentional vector, which can be written as {tx, ty, tw, 
th, p, Ccorrect, Coverlap, Cmalposition}. In the 8-dimentional vector, {tx, ty, tw, th} indicates the 
predicted bounding box. We first give a reference bounding box to help the network to 
obtain accurate detection results. Reference bounding box is chosen by clustering labeled 
data. For the reason that the size of the reflective edges of wafers are similar, only one 
reference bounding box is chosen. In the detection result, tx and ty are offsets between 
predicted center and reference bonding box center. tw and th are width and height scale 
ratios between predicted box and reference bounding box. p is the confidence score of the 
predicted bounding box. Ccorrect, Coverlap and Cmalposition are correct, overlap and malposition 
class probabilities. 

4 Experiment and results analysis 

4.1 Methodology 

In our experiment, PyTorch open source library was employed and CUDA computation 
acceleration toolkit was introduced to training and deploy procedures. The software and 
hardware configurations can be seen in Table 1. 

Table 1. Hardware configuration in the experiment. 

Hardware Parameter 
CPU Intel i7-10875H 2.3GHz 

Computer Memory Size 16GB 
Graphics card RTX2070 8GB 

Operating system Ubuntu 18.04 
Deep learning library PyTorch 1.3.0 

We collected 500 images from the industrial site. LabelImg annotation tool was 
employed to label the acquired image data. Image cropping and rotation were also executed 
to extend the dataset. Image number of the dataset was extended to over 2000 and the 
number of wafers’ labels exceeded 35000. In the labeled dataset, about 50% were correctly 
placed wafers, overlap and malposition classes take about 25% respectively. In the 
experiment, the training dataset was divided to training dataset and validation dataset 
randomly. The training dataset occupies 90% of the whole dataset and the validation dataset 
takes 10%.  
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During training process, parameters of the last layer were initialized randomly. Other 
parameters were initialized by pre-trained original YOLO-V3 neural network. The initial 
learning rate was set to 0.001 with attenuation factor of 0.1 for each 5000 iterations. The 
maximum iteration number was set to 20000. In order to verify the improved method, we 
did a comparative experiment using original YOLO-V3 algorithm. 

4.2 Experiment results 

Training loss with iteration can be seen in Figure 4(a). After 20000 iterations, training stage 
was stopped. PR curve can be seen in Figure 4(b).  

   

(a)Loss with iteration curve                                           (b)PR curve 

Fig. 4. Training loss curve and PR curve: (a)Loss with iteration curve; (b) PR curve 

According to the experiment results in Figure 4(b), the proposed method has a better 
performance in precision. Precision is improved for the reason that the designed 
architecture output is more reasonable for wafer state detection. And with the help of GPU, 
the detection efficiency can reach to 35fps. This detection accuracy and speed can meet the 
needs of industrial field. 

5 Conclusions 
Wafer state detection is critical in integrated circuit manufacturing. This paper introduced a 
monocular camera based wafer state detection system. In the system, modified YOLO-V3 
algorithm was employed to detect wafer states. For the reason that the imaging results are 
relatively fixed, we optimized the YOLO-V3 architecture according to the specific 
application scenarios. With the proposed method, the system can achieve good performance 
in industrial applications.  
 
The research is supported by National Natural Science Foundation of China (61903162) and Jiangsu 
Province’s “Double Innovation Plan”: Research and development of flexible cooperative robot 
technology for intelligent manufacturing. 
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