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Application of Deep Learning to Manufacturing
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Recently, deep learning, one of the AI technologies, has advanced rapidly and is expected to 
be applied in various industries. Fujikura applied image recognition technology based on deep 
learning to the visual inspection of semiconductor laser wafers. By constructing our original 
network structure and preparing high quality dataset for learning, our visual inspection system 
achieved over 99% pass / fail judgement accuracy. This system has already been introduced into 
our semiconductor laser manufacturing process and has been stably operated. This technology 
has also been applied to visual inspection of crimp-type terminals and achieved over 99% 
judgement accuracy.

1. Introduction
Recently, the development of artificial intelligence 

(AI) technology has led to technological innovations 
in many industries. Among the innovations, a 
particularly promising technology is deep learning 
and its model mimics the human brain neural network.

In 2012, Alexnet 1) – a model using deep learning, 
significantly reduced the error rate of image 
recognition. In 2015, ResNet 2), a model announced by 
Microsoft proved the accuracy of image recognition 
by demonstrating its error rate falling below the 
human benchmark of 5%. This means that deep 
learning allows computers to use images as data by 
learning the features of images.

In addition, recently, as the research on this field 
has been progressing, several models for detecting 
multiple objects from images have been proposed 3)-5). 
One of the models, Single Shot Multibox Detector 3) 
(SSD) can perform almost real-time processing to 
detect multiple objects from a single image.

In the field of reinforcement learning, a computer 
program using deep learning called AlphaGo 6) won a 
professional Go player by learning professional game 
records. AlphaGoZero 7) only given the basic rules of 
Go and playing against itself achieved a win rate of 90% 
against AlphaGo. In this way, it turned out that the 
latest AI technology (deep learning etc.) can 
outperform human beings within the confines of 
specific tasks and be applied in various industries as 
well as the software industry. For example, the 
education industry uses AI technology to provide a 
service called adaptive learning in which teaching 

methods can be changed according to each individual’s 
level of study, and this attracts attention. Also, the 
financial industry is beginning to predict exchange 
rates and stock price movements using AI technology. 
In the manufacturing industry, AI technology is also 
expected to improve productivity. Specifically, using 
AI technology for visual inspection of parts and the 
derivation of optimum machining conditions is being 
considered. Furthermore, some factories are 
considering installing a system that detects the signs 
of failures and abnormalities by analyzing the data 
from various sensors using AI technology. We are also 
introducing AI technology for visual inspection and 
have reported on a semiconductor laser wafer visual 
inspection system using image recognition technology 
by deep learning 8) 9). This report introduces our 
application of deep learning to manufacturing.

2.   Deep learning and visualization of judgment 
reasons
Since the term “artificial intelligence” was first used 

in 1956 at Dartmouth Conference, many technologies 
related to AI have been proposed. Deep learning, 
which is most commonly used in recent years, is based 
on a neural network model proposed in the 1980s. The 
neural networks are based on artificial neurons that 
model human neurons. A neuron and artificial neuron 
are shown in Fig. 1. Neurons output electrical signals 

Fig. 1. Neuron and artificial neuron.
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from axons when electrical signals input from multiple 
neurodendrites exceed a certain threshold. Priorities 
are assigned to input signals of multiple dendrites 
according to their importance. In artificial neurons, 
total inputs u is expressed as

u = w1  x1 + w2  x2 + ··· + wn  xn + b

Where x1,x2,,,,xn are inputs from multiple 
neurodendrites, w1,w2,,,,wn are the priorities of each 
neurodendrite, b is the bias voltage in a steady state. 
Since the output y from the axon changes according to 
this total input u, it can be expressed as follows using 
the function f.

y = f (u)

f is called an activation function, and various functions 
(step function, sigmoid function, ramp function) have 
been proposed and used (Fig. 2, 3, 4). Combined 
artificial neurons is a neural network (Fig. 5). A neural 
network consisting of a number of layers of artificial 
neurons is called a deep neural network. Among such 
neural networks, the type of network in which all 
neurons are connected to each other is called a fully 
connected network. Deep learning can make informed 
decisions and predictions as humans do. To obtain 

correct output from the input information, it is 
necessary to optimize the weight and bias of the 
artificial neuron. That optimization process is generally 
called learning process. The learning process requires 
a very large amount of data, and the computational 
resources required for the learning are enormous. 
Therefore, deep learning could not deliver its true 
performance at first. However, in recent years, the 
performance of computer processors has improved 
and using the internet makes it easier to collect a large 
amount of data. Consequently, deep learning has 
begun to deliver performance that surpasses humans. 
Image recognition is the most successful application 
of deep learning. The amount of data obtained from 
currently-used high-resolution images is very large, so 
the total number of parameters for a fully connected 
network is huge as well, and learning process also 
takes a long time. Therefore, a model called a 
convolutional neural network (CNN), which obtains 
image features by convolving a filter before a fully 
connected network, is used commonly. In a CNN, the 
parameters of the filter for acquiring image features is 
optimized during learning process, so there is no need 
to define the filter manually. By adjusting the number 
and structure of the convolutional layers according to 
the size and target of the images, the recognition 
accuracy of various images exceeds 95%. The use of 

Fig. 2. Step function.
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Fig. 3. Sigmoid function.
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CNNs in the manufacturing industry is expected to 
allow automated image inspection with high accuracy. 
Visualizing the reasons for judgment by a deep-
learning-based system is important to use deep 
learning in the manufacturing process. In general 
appearance inspection, human beings judge by 
appearance based on criteria. Even in visual inspection 
systems using CNNs, it is necessary to make decisions 
based on the same criteria. Therefore, it is necessary 
to check whether deep learning judges rightly. 
Research has already been conducted to understand 
the reasons given by CNNs 10) 11). As a way of 
understanding, features considered important among 
the features extracted by convolutional layers are 
visualized specifically. An image with highlighted 
features used for judgment is called a heat map. Figure 
6 shows an example of a heat map created when the 
CNN correctly identified a defective crimp terminal 
image. This shows that the CNN judged by appearance 
of the part where a terminal is not crimped well as 
human beings do. Using heat maps in this way allows 
checking whether a CNN correctly judges. Fujikura 
visualizes all the judgments in all CNNs introduced 
into the manufacturing process.

3.   Application of deep learning to  
manufacturing
This section introduces application examples of 

deep learning at Fujikura.

3.1    Visual inspection system for semiconductor laser 
wafers

This section introduces a case study of introducing 
deep learning into the high-power semiconductor 
laser manufacturing process for fiber lasers 
manufactured by one of our group companies, Opto 
Energy Inc. (Fig. 7) In the semiconductor laser 
manufacturing, the visual inspection performed after 
the first crystal growth is a very important process that 
determines the overall yield. Therefore, the visual 
inspection classifies products into 7 types, 4 non-
defective and 3 defective types. The visual inspection 
required advanced judgment based on knowledge and 
experience, so the inspection could not be automated 
by pattern matching and was performed manually. 
This time, this advanced judgment was automated by 
using deep learning. In designing the semiconductor 
laser wafer visual inspection system, the input image 
size was set at a high number (on the order of 1 M 
pixel) to detect even minute abnormalities. The 
network has a unique structure with various 
convolutional layers. The data used by the CNN in 
learning process has been further classified after 
classified according to criteria, and the data distribution 
is managed by each type of classification.. Each type of 
image was collected with the cooperation of Opto 

Energy Inc, and general data augmentation such as 
image inversion was performed to ensure a sufficient 
number of training data. The learning process uses 
NVIDIA DGX-1 with multiple high-performance 
graphics processing units (GPUs) that are good at 
matrix operations. The semiconductor laser wafer 
visual inspection system using deep learning has 
achieved a pass / fail judgment accuracy exceeding 
99% in accuracy verification. This system has recently 
been introduced and used in the manufacturing 
process. Figure 8 shows a boxplot of pass/ fail 

Fig. 6.   Visualization of judgement criteria for deep learning by 
heat map.
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Fig. 7.   Outline of visual inspection system of semiconductor 
laser wafer.

···

···

··· ···

Manufacturing process

System overview

metallizing

partial
shooting
of wafer

outputting
image by

chip

preparing
wafer

classifying
by AI

outputting
result

LD –Chip
LD–Bar

visual
inspection

dicing
crystal
growth

Note : showing only part of the chip

Fig. 8.   Changes in judgement accuracy of visual inspection 
system of for semiconductor laser operated in 
manufacturing process.

100%

96%

98%

94%

92%

90%



38

judgment accuracy for recent lots. Since all the boxes 
are located above 98%, this indicates that a high pass/
fail judgment accuracy is maintained for recent lots. 
Moreover, the average is over 99%, which exceeds the 
accuracy of conventional human judgment.

3.2  Visual inspection system for crimp terminals

This section introduces an example of deep learning 
introduction to a visual inspection system for crimp 
terminals used for connecting electrical wires. At 
present, after crimping a terminal to the electrical wire 
terminal, the pass/fail is judged by a pressure 
inspection system automatically. However, since there 
are defects that cannot be classified by the system, 
visual inspection by human inspectors is also 
performed. (Fig. 9.) In addition, we are considering 
introducing a conventional image inspection system. 
However, since it is difficult to keep the judgment 
accuracy due to complicated threshold setting, some 
anomalies may be overlooked. Therefore, to verify the 
feasibility of automation by deep learning, we tried out 
image classification by deep learning for one type of 
crimp terminal (crimp terminal A). A general image 
recognition network was used for verification. Similar 
to the semiconductor laser wafer visual inspection 

system described above, the training data was broken 
down into subdivisions and augmented through image 
reversal within each type, and a sufficient number of 
images were prepared. The learning process also uses 
NVIDIA DGX-1. In the verification of classification 
accuracy, 5200 test images were classified with a very 
high accuracy of 99.96%. (Table 1.) As a result of 
verifying another type of crimp terminal (crimp 
terminal B), the classification accuracy was 100%. 
(Table 2.) In response to these good results, we are 
currently developing an automated inspection system.

4. Conclusion
This report introduces an application example of 

image recognition technology using deep learning. 
The visual inspection system using deep learning has 
already been introduced in our manufacturing process 
of high-power semiconductor lasers. The accuracy of 
pass/fail judgment in multiple lots is over 99%, which 
exceeds the human judgment accuracy. As a result of 
verifying this technology in the appearance inspection 
of two types of crimp terminals, the classification 
accuracy was 99.96% and 100%, respectively. We will 
continue to apply deep learning technology to 
manufacturing.

Table 1. Judgement result of crimp-type terminal A.

predicted (accuracy : 99.96%)

class 1 class 2 class 3 class 4 class 5 class 6 class 7 class 8 recall

real

class 1 2399 0 0 0 0 0 1 0 99.96%

class 2 0 400 0 0 0 0 0 0 100.00%

class 3 0 0 400 0 0 0 0 0 100.00%

class 4 0 0 0 400 0 0 0 0 100.00%

class 5 0 0 0 0 400 0 0 0 100.00%

class 6 0 0 0 0 1 399 0 0 99.75%

class 7 0 0 0 0 0 0 400 0 100.00%

class 8 0 0 0 0 0 0 0 400 100.00%

precision 100.00% 100.00% 100.00% 100.00% 99.75% 100.00% 99.75% 100.00%

Table 2. Judgement result of crimp-type terminal B.

predicted (accuracy : 100%)

class 1 class 2 class 3 class 4 class 5 recall

real

class 1 68 0 0 0 0 100.00%

class 2 0 48 0 0 0 100.00%

class 3 0 0 48 0 0 100.00%

class 4 0 0 0 48 0 100.00%

class 5 0 0 0 0 48 100.00%

precision 100.00% 100.00% 100.00% 100.00% 100.00%

Fig. 9. Current crimping process.
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