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ABSTRACT. Each year, a factory releases a lot of metal debris which is normally used
i a recycling phase. In order to be effectively recycled, it is necessary to classify the
debris into different classes. The sorting by hand takes a lot of times and effort. Other
classification approaches which use color, size, weight, electrostatic, or magnetic features
may not obtain high accuracy. It has a lack of technique to classify the metal debris.
Thus, this paper proposes a framework for classification of metal debris which is spread on
a conveyor belt. The framework employs deep neural networks. Four different deep neural
network models were investigated and compared in our framework called the AlexNet
model, the GoogleNet model, the VGGNet model, and the ResNet model to choose a
suitable model for the framework. In addition, the experiments can also investigate and
compare the operation of different deep neural network models in a practical application
instead of using conventional academic benchmarks. Experimental results demonstrated
that the proposed framework could be one solution to separate the metal debris. Especially,
the AlexNet model had the highest accuracy among the four models.

Keywords: Deep neural network, Blob detection, Run-length code processing, Metal
objects, Classification

1. Introduction. Nowadays, car assembly lines or electronics assembly lines usually
generate a lot of debris such as screws, wires, small excess pieces. This debris is normally
collected and gathered into one place as wastes. The processing of these wastes is a major
environmental issue, especially, inside an industrial zone. More and more debris is released
in daily activities. The influences of economic growth and the needs for environmental
protection are generating some research question for garbage management. Normally
the debris is processed through an electrostatic machine to separate plastic debris and
metal debris. The collected metal objects and the collected plastic objects will be further
processed for recycling.

However, there are varieties of metal pieces such as copper, brass, bronze, and alu-
minum. It requires much time and effort to manually identify and classify different classes
of metal objects. It is necessary to have a method to classify metal objects. If the objects
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could be well separated, the human time, effort, and manpower for its recycling will be
reduced, especially in the metallurgy phase [1, 2].

Previous research had focused on debris classification but they tried to separate solid
objects and liquid objects [3], separate air-bubbles and debris particles [4]. Other studies
normally classified the garbage which has different materials such as metal, glass, plastic,
and paper [5, 6, 7]. Several researchers also investigated the classification of different metal
debris using color-based method [8, 9], density-based method [10, 11], and shape-based
method [12]. However, these methods could be hard to separate the materials because
the metal debris could have similar features concerning shape, color, density, etc. The
magnetic-based approach was also used to separate the nonferrous metals and ferrous
metals [13, 14, 15]. Another method used laser-induced breakdown but it requires a lot of
hardware devices, for example, a device to create a Q-switched Nd: YAG laser, collection
lens, a charge-coupled device (CCD) spectrometer, an optical fiber, a laser sensor [16].
It is needed to focus on the classification approach of metal debris which has similar
materials and this approach does not require a lot of expensive devices.

The main contribution of this paper is to propose a framework to classify the metal
objects in a factory. The metal debris is spread on a conveyor belt to become the input
of our system. The debris is processed in this system. In the factory, classified objects
and outputs materials are put one by one into the wastes boxes which have corresponding
labels such as bronze or copper. The position of the debris classification in the wastes
process line can be seen in Figure 1.
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FIGURE 1. Debris classification in assembly line

Our proposed system consists of four main modules. In the first module, a smart
camera captures the objects on the belt. The camera operates in run-length code (RLC)
mode. From the captured image, the regions of interest (ROI) are extracted in the second
module. The extraction phase employs the blob detection algorithm. These extracted
boxes are pre-processed in the third module. In the fourth module, the processed boxes
are sent to a deep neural network (DNN) to classify the metal debris.

The RLC algorithm is chosen because it is the lossless data compression. In addition, it
is not difficult and does not require much central processing unit (CPU) to implement this
algorithm. The collected debris images which consist of large dark and bright areas are
also very suitable for this RLC algorithm [17]. The goal of the blob detection is to detect
a group of connected pixels inside an image [18, 19, 20, 21]. The DNN is employed in our
framework to classify the received ROI from blob detection [22]. Four different deep neural
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networks models were investigated in our framework. They are four of the most famous
neural models used in deep learning. The purpose of this paper is to have a framework
to classify the metal debris with high accuracy, a practical application. Thus, the paper
does not focus on building better models but rather understand often used model and
investigate the operations of these models in our application after the data collection
and data pre-processing phases. After that, the most suitable models will be found. In
addition, the experiments can also investigate and compare the operation of different deep
neural network models in a practical application instead of using conventional academic
benchmarks.

The paper is presented as follows. Section 2 presents the proposed framework in detail.
The experimental results are shown in Section 3. Section 4 concludes our paper.

2. Proposed Framework. The proposed framework has four main modules as can be
seen in Figure 2. The details of these modules can be seen in Sections 2.1, 2.2, 2.3, and 2.4.

; Captured
Objects images
':(> Camera :(> ROI extraction
ROI
Classified Processed boxes
objects boxes

<1\— Deep neural <1\— Pre-
network Processing

FI1GURE 2. Operation of the proposed framework

2.1. Camera. In the first module, a camera will capture the object on the conveyor
belt. Our system uses the VC-Nano Z camera provided by Vision Components [23]. This
camera is selected because it can process high-resolution images in real time while requires
low system costs. In addition, the VCLib library of Vision Components can be used to
reduce the development time of our system [24].

To increase the operating speed, the captured images employ the run-length code (RLC)
processing that is very fast. The run-length encoding (RLE) is the lossless data compres-
sion. In RLC, a run of the data is represented as a single data value and its count. For
example, if the run of data is “LLLLLHHHLL”, the RLC results are “5L3H2L”. The RLC
algorithm could be not difficult to implement and does not require much CPU power. The
using of RLE will be suitable for the files which contain a lot of runs [17].

The RLC in image processing is based on the original RLC. The RLC can be obtained
by evaluating the pixel side by side from the left to the right, from the top to the bottom.
Each position of the pixel which has the value changed from dark to bright or bright to
dark is stored. The first entry of each line has value —1 if the pixel is the bright pixel.
On the other hand, the first entry of the line has value 0 if the first pixel in the line is the
dark pixel. The white pixel is the pixel having value 1 while the dark pixel is the pixel
having value 0. A special character “dx” is inserted at the end of each line.

If the image is represented as Figure 3, the RLC in line 0 is “0 1 3 dx”, the RLC in
line 1 is “0 2 dx”. The RLC in line 2 is “—1 1 3 dx”. The RLC in line 3 is “—1 3 dx”.
The final RLC data will be “0 13 dx 02dx —1 13 dx —1 3 dx”. This mechanism could
increase the image processing speed.

The captured images from the VC-Nano Z camera will be converted into the grayscale
images. These grayscale images are also transferred to RLC image using rlcmk() function
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Ficure 3. RLC operation in image processing

provided by Vision Components. In this function, the gray level g of a pixel is compared
with a threshold value ¢ (0 <t < 256). If (g > ¢) then the pixel is considered as a bright
pixel. On the other hand, if (¢ < t), the pixel will be set as the dark pixel [24].

The obtained RLC images will be sent to the ROI extraction module.

2.2. ROI extraction. The goal of this phase is to locate the region of interests (ROI)
boxes that contain parts of the metal objects. A famous method called blob detection
is used. The name “blob” comes from “binary large object” which represents a set of
connected pixels in a binary image [25, 26].

The blob detection algorithm is used to extract the blob in the image. The extract-
ed blob is a searching object. Thus, the algorithm can separate the object from the
background. The blob detection algorithm is also called connected component labeling.
There are two main scan methods of the connected component labeling called recursive
scan and sequential scan. The details of these methods can be seen in the previous
studies [18, 19, 20, 21].

The idea of blob detection is to find connected binary pixels. In this situation, the
neighbor pixels that have a similar gray level (bright or dark) will be selected into a
cluster. Each cluster is assigned a unique number called object number. Finishing the
processing, the foreground and the background of the image could be separated.

In our system, the blob detection is conducted on the obtained RLC images to locate
the positions of the metal debris. The dark connected region inside the image is the ROL.
The center of the dark area is considered as the center of the ROI. The center of each ROI
box is considered as the center of one metal debris. The boxes which contain ROI of the
images will be extracted from the image. The size of the boxes is 127 x 127 and 124 x 124
because our deep neural network uses models that have 127 inputs and 124 nodes. The
blob detection of the RLC image in our program uses the API called ric_label() provided
by Vision Component [24].

2.3. Pre-processing. In the second modules, the ROI boxes are extracted. The mean
gray level value of each detected ROI is also calculated.

All calculated mean gray level values are shifted to the value of 128 so that all the
ROI boxes have a similar mean gray level value of 128. Because the ROI boxes have
different intensity concerning the gray level, it is necessary to standardize the mean gray
level value. The scale in each ROI box is calculated based on Equation (1).
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original_mean_value ]
128 (1)
where scale_value is the scale value of one image, and original_mean_value is the orig-
inal mean gray level value of this image.
From the scale_value, the new gray level values of all pixels are evaluated according
to Equation (2).

scale_value =

original _pizel _value

new_pixel _value = (2)
scale_value

As presented, the sizes of the box of ROI are 127 x 127 and 124 x 124, while the size
of the metal debris could be smaller. In this situation, the background of the boxes must
be removed. Thus, the pixels correspond to the detected metal debris are conserved. On
the other hand, the background pixels are assigned to the value of zero in each box.

The processed boxes are sent to a deep neural network.

2.4. Deep neural network. The fourth module employs the deep neural network (DNN)
that is the representation of a human brain [22]. The DNN reduced the required parame-
ters from the normal fully-connected layer NN using local receptive fields, shared weights,
and pooling layers. The local receptive field contains several nodes in the hidden layers.
The inputs only connect to this field instead of whole hidden layers. The local receptive
field is also called the filter. The size of the local receptive field is the filter size. The
filter is shifted to connect to other inputs. The stride determines how the filter is moved.
The pooling layer reduced the output size concerning weights and biases before this out-
put becomes the input in the next layer. The details of the DNN can be read from the
previous papers [22, 27].

In our research, the DNN is used to classify the obtained image-boxed from the prepos-
sessing module. The metal objects in the boxes will be separated into different classes such
as copper, aluminum, and brass. Four different architectures of the NNs are investigated
in this paper which are the AlexNet, the GoogleNet, VGGNet, and ResNet.

2.4.1. AlexNet. The AlexNet model which is proposed by Krizhevsky et al. has eight
layers. First five layers are convolutional layers, and three remaining layers are fully-
connected layers. The AlexNet uses 11 x 11, 5 x 5, and 3 x 3 convolutions [28].

The details of the AlexNet model are shown in Figure 4. The first five from convl to
convb are convolutional layers. The first layer uses a filter size of 11 x 11, the second layer
uses a H x b filter, while other layers have 3 x 3 filters. The second parameters after the
filter size in each convolutional layer are the number of outputs. For example, the convl
has 96 outputs. The final parameter is the value of stride which defines the movement of
the filter.

Some of the convolutional layers are followed by a max pooling layer. Three last layers
named from “FC6” to “FC8” are the fully-connected layers. The number after the name
of each fully-connected layer is the number of outputs. For example, the FC6 and FC7
have 4096 outputs while FC8 has the outputs depending on the problems. The output of
FC8 is also the output of the DNN which are the number of labeled classes.

2.4.2. GoogleNet. In the GoogleNet model, a new module called inception is presented.
This module employs different filter sizes from 1 x 1 to 5. These filters are convolved in the
GoogleNet model as can be seen in Figure 5. The GoogleNet has 9 inception modules [29].
The advantage of GoogleNet is that this model can cover not only the big area of images
by big filter size but also can process the small area using smaller filter size.
Another advantage of GoogleNet is the using of a small filter that can reduce the
number of parameters in the NN concerning the weights and the parameters.
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FIiGURE 5. GoogleNet model

2.4.3. VGGNet model. The VGGNet is proposed by the VGG group, Oxford. This ar-
chitecture uses only 3 x 3 convolutions as the filters. However, a lot of 3 x 3 kernel-sized
filters are used. These 3 x 3 kernel-sized filters are put one after another. The details and
configurations of VGGNet can be seen in the previous study [30].

This research chooses randomly one configuration of the VGGNet model which is called
VGG16 architecture. The details of the VGG16 architecture are shown in Figure 6.

In Figure 6, conv3-64 means it is the convolution layer which has 3 kernel size of 3 x 3
and 64 outputs. The notation “FC6-4096” means this layer is considered as the fully-
connected layer and the output of this fully-connected layer is 4096. In this architecture,
the outputs of FC8 layers are our desired outputs which correspond to the number of
labeled classes.

2.4.4. ResNet model. The previous paper has proposed the residual neural network (Res-
Net) to solve the issue related to the accuracy degradation of the deep neural network.
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The accuracy could be degraded when the neural network has a big depth. The ResNet
provides a skipping mechanism to jump the connections over some layer. Examples of
skipping can be seen in Figure 7. Previous experimental results showed that the “skip
connection” obtained higher accuracy when compared with the conventional deep convo-
lutional neural network [31].

The ResNet has different models. In this research, the 50-layer ResNet (called ResNet50)
is chosen randomly as our model. The details of the 50-layer ResNet can be seen in Figure
8.

3. Experiments. Our research conducted experiments to classify the metal debris. The
data is provided by a company. The confidentiality of the data must be protected using
an agreement.

Four different deep neural network models (AlexNet, GoogleNet, VGGNet, ResNet)
were investigated in our experiments. The computer used in the experiments was HP
7800 Workstation. This computer was equipped with dual Intel Xenon X5675 processor,
and Geforce GTX 1080 Ti graphics card.

We conducted two different experiments. The first experiment investigated the oper-
ations of the proposed framework with three different classes called brass, copper, and
other metals. The second experiment tested with two metal classes which were aluminum
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and copper. Hence, in the first experiment, the neural network had three outputs while
the neural network had two outputs in the second experiment. Both experiments were
investigated with four DNN models.

3.1. First experiment. The first experiment was used to classify three different classes
which are brass, copper, and other metals. Thus, the DNN had three outputs. Our data
had 5327 training images and 2281 testing images.

The experiments were investigated with all four DNN models (AlexNet, GoogleNet,
VGGNet, and ResNet). In each model, the number of training iterations was increased
from 1 to 50000. The iteration that had the highest number of recognition rate of each
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model was stored. To use with the models, the images before the AlexNet were cropped to
the size of 127 x 127. On the other hand, the images before GoogleNet, VGG, and ResNet
were cropped to the size of 124 x 124 based on previous studies. Other configurations of
the DNN were also similar to previous papers [28, 29, 30, 31].

Table 1 presents the experimental results with three classes called brass, copper, and
other metals, respectively. The highest recognition rates for each class and all classes are
shown in this table. Among the three classes, the copper was the most difficult to recognize
for the system. The other metals class had the highest recognition rates in all models
when all models had higher than 98% of accuracy. Experimental results demonstrated
that our framework can separate the metal debris. All four models had higher than 85%
of recognition rate. Especially, the AlexNet model, the GoogleNet model, and the ResNet
had more than 90% of the recognition rate. Among these three models, the AlexNet
obtained the highest accuracy with 97.15% of correct classification. Even with the copper
samples while VGGNet and ResNet had lower than 80% of the recognition rate (64.32%,
and 79.16% respectively), the AlexNet could achieve 96.04% of correct recognition. The
VGGNet had a low recognition rate concerning the copper class at 64.32% while it had a
high recognition ate regarding the other metal class at 99.50%.

TABLE 1. Results with three classes

AlexNet | GoogleNet | VGGNet ResNet
Iteration 25000 20000 42000 30000
668/691 652/691 644/691 661/691
(96.67%) | (94.36%) | (93.20%) | (95.66%)
751/782 741/782 503/782 | 619/782
(96.04%) | (94.76%) | (64.32%) | (79.16%)
796,/808 804/808 796/808 | 803/808
(98.64%) | (99.50%) | (98.51%) | (99.38%)
2216/2281 | 2197/2281 | 1943/2281 | 2083 /2281
(97.15%) | (96.17%) | (85.18%) | (91.32%)

Brass correct

Copper correct

Other correct

All correct

3.2. Second experiment. The second experiment was conducted to investigate different
configurations of the DNN. In this case, the DNN was tested with data that had two classes
called aluminum and copper, respectively. Therefore, the DNN had two outputs. Other
configurations of the DNN were similar to the first experiment.

The data of this experiment had 3338 images for training and 1431 images for testing.
These images were also investigated with four DNN models called AlexNet, GoogleNet,
VGGNet, and ResNet, respectively.

For all models, the number of training iterations was modified from a very small number
of 1 iteration to a high number of 50000. The iterations that had the highest recognition
rate of each DNN model were kept.

The results of this experiment are presented in Table 2. Experimental results once
again confirmed that the proposed framework can be used to classify the metal debris
while all four models had more than 98% of recognition rate in all classes. Similar to the
previous experiment, the AlexNet also obtained the highest accuracy with 99.93%. And
the GoogleNet had a better recognition rate than the VGGNet and the ResNet. On the
other hand, the ResNet had the lowest recognition rate (only 98.46%) in this experiment.
This experiment had two scenarios of 100% accuracy when the AlexNet and the ResNet
were used to classify the aluminum metal. The AlexNet had also best accuracy in each
class with 99.89% and 100% of the copper class and the aluminum class, respectively.
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TABLE 2. Results with two classes

AlexNet | GoogleNet | VGGNet ResNet

Iteration 45000 50000 22000 45000
Alminum correct 528/528 514/528 513/528 | 528/528

(100%) (94.36%) | (97.16%) (100%)

Copper correct 902/903 902/903 900/903 | 881/903
(99.89%) | (97.35%) | (99.67%) | (97.56%)
Al correct 1430/1431 | 1416/1431 | 1413/1431 | 1409/1431
(99.93%) | (98.96%) | (98.74%) | (98.46%)

Compared to the first experiment, the second experiment with two classes obtained a
higher accuracy. It can be explained that the first experiment had “other metals class”
which may be mistakenly classified as “brass” class or “copper” class. In both experiments,
the AlexNet model obtained the highest percentage number of correct recognition at
97.15% and 99.93%, respectively. Thus, it can be considered that the AlexNet model is
the best suitable model in our classification framework. The results can be explained that
in our framework, the AlexNet had only 8 deep layers while the VGGNet, the GoogleNet,
the ResNet had 16 deep layers, 22 deep layers, 50 deep layers, respectively. On the other
hand, the deeper the neural network is, the easier it is to be overfitting. The deeper
neural network is not usually better. With several data, a shallow neural network may
obtain a high recognition rate while a deeper neural network can get a low recognition
rate. This reason could be used to demonstrate the performance of the AlexNet model
with our data. With other data, the deeper neural network may be better in classification
but it has to tweak the neural network parameters quite a lot. In addition, it is also
necessary to redesign the neural network to be suitable with the data to have a high
number of correct classification rate. It will require much time and effort to redesign the
neural network to increase the recognition rate. Therefore, the AlexNet model becomes
a suitable model for the metal debris classification framework. Another advantage of the
shallower neural network, such as AlexNet model, is that it is also more feasible than a
deeper neural network model, such as ResNet, VGGNet or GoogleNet, to implement on
field-programmable gate array (FPGA) devices because FPGA device has limited number
of resourcing concerning the logic elements and memory bits.

4. Conclusions. This paper proposed a framework to classify the metal debris in order
to reduce the time and effort in the recycling phase. Our framework contains four different
modules. The first module had the camera with run-length code processing called VC-
Nano Z camera. The second module is used for the ROI extraction of the obtained image
from the camera. The obtained extraction is processed in the pre-processing module
before sending to the DNN module.

Experimental results demonstrated that the proposed framework can classify the metal
debris. Four different models of the DNN were also investigated in the DNN module called
the AlexNet, the GoogleNet, the VGGNet, and the ResNet. The results also showed that
the AlexNet model was more suitable among the four models because it obtained the
highest recognition rate in both experiments.

In our future research, we will optimize the proposed framework to increase the recog-
nition rate. More DNN models will also be tested to investigate the most suitable models
for our framework.
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