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Abstract

It is critical for manufacturers to identify quality issues in production and prevent defective products being delivered to customers. We investigate
the use of deep neural networks to perform automatic quality inspections based on image processing to eliminate the current manual inspection.
A deep neural network was implemented in a real-world industrial case study, and its ability to detect quality problems was evaluated and
analyzed. The results show that the network has an accuracy of 94.5%, which is considered good in comparison to the 70-80% accuracy of a

trained human inspector.
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1. Introduction

Detection and elimination of poor quality products is of
critical importance to virtually all manufacturing companies
[1]. They employ specialized personnel to undertake quality
inspections in which one or more product characteristics are
checked against product specifications. Products that do not
meet the specifications are rejected or returned for
improvement to avoid releasing poor quality products [2].
These inspections are vital to ensuring high-quality products,
but performing them manually comes at a high cost. It has been
suggested that automatic camera-based systems, so-called
“vision systems,” could replace manual quality inspections [3-
4]. However, camera-based systems have not been widely
adopted in manufacturing, mainly because of their poor
performance and low flexibility when the environment changes.
For example, a slight change in lighting conditions may cause
a camera system to stop working [5]. The hardware needed is
also expensive, and so is the cost of installing and maintaining
the system [6].
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In recent years, new techniques for image analysis based on
artificial intelligence (AI) have been suggested. These
techniques have been shown to be capable of overcoming the
shortcomings of the traditional techniques used in industrial
vision systems [7]. Al-based image processing is currently a hot
research topic. The most successful implementations use so-
called “deep learning”, which is a machine learning method
based on artificial neural networks [8]. Despite the great
potential of deep neural networks, there are still only a few
implementations of them in vision systems targeting the
manufacturing industry, mainly because the technique and the
available software platforms are still relatively new.

In this paper, we describe the implementation and testing of
the technique of deep learning in real-world industrial
production and evaluate and analyze its ability to detect quality
problems. The company involved in the study was Jonsac AB,
a Swedish manufacturer of paper bags that are used for
packaging a variety of products including dry foods, waste, and
animal feed. Their customers demand high-quality bags that
will store their products in the best possible conditions. The
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bags also have to meet various production regulations relating
to such things as food hygiene. The current manufacturing
process maintains a high quality, but the occasional defective
product is produced. When defects do occur, they are in the
bottom of the bag and are caused by erroneous folding or
gluing. To prevent any of the defective bags being delivered to
a customer, every bag is inspected by an operator at an
inspection station at the end of the production line where the
bags are visually examined for any defects. This quality control
requires the full attention of an employee when the production
line is active. This inspection process is both costly and
inadequate, for mistakes happen easily. The pace of production
is such that one sack or bag is produced approximately every
second, which means that even momentary distraction of the
operator can result in a defective bag being missed. The
company needs to find way to eliminate, or at least minimize,
the manual quality inspection and is very motivated to try
automatic inspection based on state-of-the-art Al.

In the next section of the paper, the concepts of deep learning
and the specific type of deep neural network used in this study
are described. Section 3 presents similar studies using deep
learning techniques to detect production quality problems.
Information about the data set used for training the deep neural
network is provided in Section 4. Section 5 presents the
implementation of the deep neural network, along with an
evaluation. Finally, in Section 6 the results are discussed and
future work is outlined.

2. Deep neural networks

A deep neural network is basically an artificial neural
network with multiple layers between the input and output
layers [9]. It transforms input into an output by mathematical
manipulations based on linear or non-linear relationships. Each
mathematical manipulation is considered a layer, and the term
"deep" refers to the many layers in the network [9]. Currently
the most successful deep neural networks for image processing
use what is known as a convolutional neural network (CNN)
architecture [10]. Interest in CNNs spiked in 2012 after a
network called AlexNet solved a given problem with an error
rate of 15.3%. In 2015 ResNet achieved an error rate of 3.6%,
which surpassed the recognition ability of a human facing the
same problem [11].

The name “CNN” comes from the fact that the network
employs a mathematical operation called convolution, which is
a specialized kind of linear operation. Basically, CNNs are
neural networks that use convolution instead of general matrix
multiplication in at least one of the layers. Instead of using fully
connected layers where one neuron takes 1D data as input as in
a traditional neural network, CNN uses convolutions that take
2D data [10]. This technique preserves the spatial information
in an image, which is crucial for accurate predictions. Most
CNN architectures consist of convolutions, rectified linear
units (ReLUs) and pooling layers for feature detection,
followed by fully connected layers and SoftMax for
classification. This is the architecture we chose for the project.
The concept of a CNN is presented in Figure 1. Further
information about the technique can be found in [12].
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Fig. 1. Concept of a convolutional neural network.

In this study, we use a variant of CNN called Faster Region
with CNN (R-CNN). Faster R-CNN further improves the
processing pipeline by embedding a region proposal network
after the CNN. It performs better than a traditional CNN when
it comes to object detection and generally has a faster training
process [10]. Faster R-CNN improves the concept of CNN by
removing cropping/wrapping and introducing spatial pyramid
pooling instead. Using region of interest (ROI) pooling further
improves the performance as a Faster R-CNN performs the
ROI pooling on the feature map instead of on the original
image. The significantly lower resolution of the feature map
decreases the required computation and allows Faster R-CNN
to be much quicker and less resource intensive than competing
methods [11].

To implement a Faster R-CNN in this study, the TensorFlow
state-of-the-art machine learning library from Google is used
(www.tensorflow.org). TensorFlow is extensively used today
by many researchers and is considered to be highly competitive
[13].

3. Related work

There are no previous studies on detecting defects in paper
bag production using the same techniques as this study.
Accordingly, this section of the paper focuses on the three most
relevant studies using different variants of CNNs for detecting
defective products.

Zhu et al. [14] present a study on detecting defects in the
production of emulsion pumps. They evaluate the possibilities
of using CNNss to replace the current manual inspection of the
pumps. The main challenge in their implementation was that
the limited number of images of defective products, making
high-quality image samples very important. To increase the
quality of the images, pre-treatment using slant correction was
used. When validated on images not previously seen, the CNN
achieved a 97% accuracy rate with a mean detection time of
0.18 seconds.

Jing et al. [15] present a study from the textile industry
focused on finding defects in fabric. Like the study of Zhu et
al. the purpose was to replace manual inspections with a CNN.
The authors used a dataset of different fabrics with a range of
colors and recurring patterns, and the CNN was trained to
recognize six categories of common defects. The network
utilized an automatic calculation of the patch sizes of the fabric,
which improved accuracy and made it possible to identify very
small defects. The CNN showed an average accuracy of over
97%.

A study on defect detection in nanofibrous materials
presented by Napolentano et al [16] achieved similar results to
Jing et al. Using scanning electron microscope (SEM) images,
a regional CNN approach was used to discover defects in the
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materials. The accuracy achieved was also about 97%. The
authors note that the accuracy was higher for coarse-grained
defects but lower for fine-grain defects.

4. Training data set

The paper bag product line at Jonsac is subject to frequent
changes. The company delivers products to a vast assortment
of customers in very different quantities and at different
intervals. Each customer has the option of having a custom
print, and can also choose among an array of colors for each
area of the bag. There are also structural differences in the bags,
such as length. As in any market, Jonsac may gain new
customers or lose old ones, and established customers may
change their preferences. These factors make it unfeasible, if
not impossible, to gather data on every single product variant
for training the deep neural network. Even if it were possible to
collect enough images of all the current product series, as soon
as a new product series was introduced the deep neural network
would need new data. It is also doubtful that a single network
would be able to distinguish between faulty print/color in
variant X and the correct print/color in variant Y. Accordingly,
this study focused on the geometry of the bags, which is almost
identical between variants except for length. Thus, the network
ignores faults in print, coloring, and other purely aesthetic
defects.

A dataset of 1,729 images was collected for the study,
including six different product variants as shown in Table 1.
Each variant is clearly distinguishable from the others by some
factor, be it color or print. They share the same geometry and
“folding lines”, and are identical from a structural point of
view, except for variants 5 and 6 which are slightly longer than
variants 1-4. As previously mentioned, only the bottom of the
bag needs to be checked for quality; thus only the bottom part
of the bag is used for the training data.

To properly train the network, all the images in the dataset
need to be classified as “OK” (the product has no flaws) or
“NOK” (the product is of inferior quality). More precisely,
NOK denotes an anomaly, a divergence from the normal
geometry. The images were classified as “OK” or “NOK”
manually, as each had to be evaluated by a human who could
determine the NOK or OK assignment from experience. The
images were also annotated to indicate the region of interest
and preferable traits. Figure 2 shows an example of an
annotation.

Fig. 2. Example of annotation (green box = OK, red box = NOK).

From the classification process, it became clear that there
were five different categories of anomalies: skewed side
(right), skewed side (left), crushed side, tearing, and offset
bottom. Examples of products exhibiting these anomalies are
shown in Table 2 (anomalies marked with yellow circles).

Table 1. Product variants included in the study.

Variant  Product

number

4. Training and evluation

This study used a pre-trained network with transfer learning
based on the publicly available model
“faster_rcnn_inception v2 coco 2018 01 28”. The
specification for the model can be found at
https://github.com/opencv/open_model zoo/blob/master/mod
els/public/faster rcnn_inception_v2_coco/faster rcnn_incepti
on_v2 coco.md.

There are six prediction layers, decreasing in feature-map
size: 38, 192, 102, 52, 32, and 12, with the following numbers of
default boxes: 4, 6, 6, 6, 4, and 4. Thus there are 8732
detections per class (382x4+192x6+102x6+52x6+32x4+12x4).
However, many of these are unlikely candidates with very low
probability, and so they are removed using non-maximum
suppression (NMS).
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Table 2: Anomalies present in the training data dataset.
Description Common Comment

Skewed side (right) Yes

Represents most of all
anomalies.

Skewed side (left) No Mostly present for

product variant 4

Crushed side No Mostly present for

product variant 3

A small offset is
acceptable.

Before starting the training of the network, 20% of the
annotated images from the training data set were set aside as a
test set. This evaluation set was used once the network had been
trained in order to test the network on situations it has not been
exposed to during training. To add another layer of validation
to the training process, 50% of all NOK and OK images
included in the training data were left unannotated. Using the
Al classify function, the software automatically generated
annotations for these images. These annotations were clearly
marked as automatically generated and could therefore be
inspected manually. The classification results aided in
modifying the training data to better fit the products and find

erroneous behaviors, often caused by mistaken manual
annotations. Figure 3 shows the procedure used.

Classification
Data Results
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Training Classify

Non-
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Output
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Test Data
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Images

Annotated
Images

\
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Fig. 3. Flowchart showing the process of training and evaluating the network.

The network was then trained with the following parameter
settings:

Training steps: 60,000
Learning rate: 0.0002 up to 30,000 training steps, 0.00002
between 30000—40000 training steps, and 0.000002 for
more than 40 000 training steps

e Dropout: 60%

e No regularization

e Aspect ratio of pictures kept intact

After the training, the network was tested on the evaluation
data set. Results from the evaluation are shown in Table 3
below.

Table 3. Results from evaluating the network.

Name Result
Total training data 1,729
Total OKs 858
Total NOKs 871
Total evaluation data 346
Accuracy 94.51%
Miss rate (no annotation) 2.89%
False OK portion 1.73%
False NOK portion 0.87%
Total duplicate annotations 27
Duplicate portion 7.80%

Duplicate annotations refer to images for which the network
provided inconsistent classifications, as shown in the example
in Figure 4 below. The duplicate annotations fall into two
categories: those that reaffirmed the results, and those that
contradicted the results (as in Figure 4). While the occurrence
of duplicate annotations is concerning, reaffirmation is not
catastrophic as the action taken would be the same regardless
of the number of annotations. Contradictory duplicate
annotations are much more of a problem as there is no clear
principle for which annotation to trust.

Missed annotations also occur, but it should be noted that
missing an annotation may be better than providing an
inaccurate one. This argument is strengthened by the fact that
all the missed images had an OK classification, which is an
indication that there would be little to no risk of defective
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products being approved. Should a missed product be regarded
as OK, the evaluation would have generated an accuracy of
97.40%.

Fig. 4. Duplicate annotations made by the network. The human inspector has
classified this bag as OK, but being a border case (a minimal skewness in the
bottom right corner).

5. Conclusions and future work

This paper investigated the use of deep neural networks for
performing automatic quality inspections based on image
processing to eliminate the current manual inspection process.
The focus of this study is a real-world industrial case study of
paper bag production using a Faster R-CNN to detect defective
bags. It is difficult for even a trained human to detect defective
bags as the defects may be small and can vary considerably. An
evaluation of the deep neural network shows, however, that it
has an accuracy of 94.5%. This is at least as good as the
accuracy of the operator currently undertaking the quality
inspection manually. Follow-ups from the manual inspection
that has been undertaken by the company show that the
accuracy of a human inspector usually lies between 70—80%
after a period of training, which is not surprising given the high
rate of production.

The evaluations performed by the network. network were
not only accurate; they were also rapid. This is important given
the high rate of production. With 1-2 bags being produced per
second, there is at most 0.5 seconds to take a picture, evaluate
the bag quality, and notify the production system that a
defective product has been detected. Evaluation of the
implementation shows that the network can solve the problem
in 0.3 seconds, meaning that it can be used in real production.
In fact the performance of the network was considered so
promising that the company has decided to introduce it into
their production line.

Future work could focus on improving the solution so that it
can assess not only the geometry of bags but also faults in print,
coloring, and other purely aesthetic defects that are important
to customers even though such flaws do not affect the function
of the bag. The personnel at the company did indicate that
issues with print and color are somewhat predictable, often
happening when refilling printing materials or switching
between product variants. Although it might not be critical to
automatically detect aesthetic defects, doing so would reduce
the burden on the operators in the line. It is thus worth
investigating adding this capability as an extra feature of the
network.

Another aspect that could be investigated is ways to make
the training process for the network more efficient with respect

to setting up the training data. It is time-consuming to check
each image individually, classify it as OK or NOK, and
annotate it. In this study we manually inspected 1,729 images
for the training data set. On average, each image took about one
minute to process. This means that we spent about 30 hours
configuring the training data set (not including the time it took
to take the pictures). Our training set was not particularly large,
and considerably more images might be needed for solving
other problems. In such cases, the time required to set up the
training data becomes a real problem. One option could involve
generating training data virtually. For example, CAD models
of the products with superimposed defects could be used to
generate training data. If it at least some virtual training data
could be used, the time for setting up the training data set could
be significantly reduced. We will therefore start investigating
this, as we believe that many applications could benefit from
such an approach if it can be proven to work.
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