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Abstract—In this paper, we design an automatic pearl
classification machine, composed of four parts: feeding
mechanism, delivering mechanism, vision-based detection
device, and classification mechanism. Pearls can be delivered to the detection device one by one, where multiview
images of each pearl can be collected. A novel multistream
convolutional neural network (MS-CNN) is developed to
cope with these multiview images, with each stream processing an image of particular viewing angle and different
streams sharing part of weights to fuse high-order features
without losing too much diversity. Using the machine, we
collect 52 500 multiview images for 10 500 pearls, i.e., each
pearl has five images of top, left, right, main, and rear views.
These pearls were labeled by the experienced professionals in advance, and grouped into two classes with rough
rules and seven classes with fine rules. Experimental results show that, compared with the support vector machine
and backpropagation neural network, our MS-CNN behaves
much better in both classification tasks, obtaining 92.14%
and 91.24% accuracies. Moreover, the visualization of activations of convolutional kernels suggests that MS-CNN,
imitating the manual process, can indeed recognize relatively complex features. These results indicate the potential
value of our machine in the pearl industry.
Index Terms—Convolutional neural network (CNN), deep
learning, fine-grained classification, machine learning, pearl
classification machine, textural feature.

I. INTRODUCTION
EARLS are the products of some mollusks, and they are
very popular organic gems. The value of the pearl is related to many attributes or features, such as size, luster, shape,
and texture. To the best of our knowledge, most pearl-producing
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companies rely mainly on manual classification after they harvest a large number of cultured pearls. However, multiple features of pearls should be considered simultaneously for such
a manual classification task, which is relatively difficult in reality. Moreover, manual work is repetitive, monotonous, and
inefficient. Therefore, it is considered to be urgent to extract the
classification criteria automatically.
Machine learning is good at learning from a particular scene,
i.e., learning a specific pattern and applying the pattern in the
scene [1], [2]. For a traditional supervised learning method, the
solution typically consists of two steps. First, discovering useful
features from raw data such as images, since raw data are usually complex, redundant, and highly variable. Second, taking
these features as input and constructing a classification model
using some method, such as support vector machine (SVM) [3],
backpropagation neural network (BPNN) [4], and so on. However, designing traditional hand-crafted features often requires
expensive human labor and often relies on expert knowledge.
Recently, deep learning [5] is becoming a hot topic in the area
of machine learning, leading a series of breakthroughs in both
academia and industry. One typical structure achieving great
success in computer vision is a convolutional neural network
(CNN) [6]. The major advantage of CNN is that it can automatically extract features, from images or videos, to be used for
classification.
For image classification, hand-crafted features are useful and
easy to design only if the classification rules are simple. However, for pearl classification, it is quite difficult to obtain clear
classification rules, let alone to design the effective hand-crafted
features. Thus, using CNN to automatically generate pearl features and further realize the pearl classification will be beneficial for the pearl industry, in terms of saving considerable
labors and improving the classification performance. Generally,
pearl classification can be considered as a fine-grained recognition task [7]–[9], which is quite challenging since the visual
differences among the categories are very small and can be overlooked without checking the full views of pearls. Therefore, it
is necessary to get the images of different viewing angles for
the same pearl. This also means that the collected data will
be more complex and informative, increasing the difficulty to
design classification algorithms. Traditional CNN is often designed to deal with a single image. To make full use of the
collected images from different viewing angles for the same
pearl, it is necessary to construct a network architecture, which
can deal with multiple views.
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In this study, we focus on designing a pearl classification machine using the technologies including machine vision and deep
learning. The machine consists of four parts: feeding mechanism, delivering mechanism, vision-based detection device, and
classification mechanism. The feeding and delivering mechanisms are used to automatically deliver the pearls one by one to
the detection device; the detection device is a monocular multiview image acquisition system containing a camera and four
plane mirrors. Due to the existence of mirrors, a full-view image
can be obtained for each pearl in proceeding, based on which
we can get five individual images of different viewing angles,
i.e., top, left, right, main, and rear, by using certain segmentation algorithm. We classify the pearls using a novel multistream
CNN (MS-CNN), taking these multiview images as input, and
then deliver the pearls of the same class into the same box by
utilizing the classification mechanism.
A number of pearls are collected with their labels provided by
the experienced professionals, i.e., they are classified into two
classes by rough rules, and also classified into seven classes by
fine rules. These sampled pearls are then put into our machine
to collect their images of five different viewing angles. These
images as well as the corresponding labels are used to train
the MS-CNN model, making it capture the manual classification criteria. In application, when a new pearl is in proceeding,
the delivering mechanism delivers it into the detection device,
where the multiview images of the pearl are collected. These
images are then fed into the MS-CNN model and the label of
the pearl is generated as the output. Finally, the classification
mechanism delivers the pearl to the corresponding box based on
the label. Note that, to process the multiview images of the pearl
simultaneously, we propose a novel CNN architecture containing five streams. Images of five views are taken as the inputs
to the respective streams. One element-wise layer and two fully
connected layers are then used to fuse the feature maps learned
by the five streams. The output of the last fully connected layer
is fed into a softmax layer, producing a distribution over the
classification labels.
We evaluate our newly proposed network architecture based
on the labeled pearls. Since the pearls can be either classified
into two classes by rough rules or seven classes by fine rules, we
train two MS-CNN models to classify pearls into two classes
and seven classes. Our MS-CNN models are trained on GeForce
GTX TITAN X. We find that our method achieves 92.14% and
91.24% test accuracies for two-class and seven-class classification tasks, respectively, both of which outperform the SVM
and BPNN methods. Moreover, these accuracies even increase
to 93.90% and 92.57%, respectively, when a weighted combination strategy is adopted to pay more attention to the left and
right views.
The main contributions of this paper are summarized as follows. First, we design a pearl classification machine, which can
collect pearl images of five different viewing angles and realize
pearl classification automatically. The wide application of this
machine may help the pearl industry save a large number of
labors and formulate a unified classification standard. Second,
we propose a novel MS-CNN for pearl classification, which
achieves relatively high accuracy and outperforms SVM and

6539

BPNN in both two-class and seven-class classification tasks.
This novel structure of CNN may also be used in other applications where multiview images need to be handled, e.g.,
three-dimensional (3-D) CAD models.1
II. RELATED WORK
Due to the peculiar nature of the pearl industry, there are few
studies about pearl classification. The key to pearl classification
is the extraction of features, which typically can be realized by
two approaches in machine learning.
Traditionally, many computer vision tasks used hand-crafted
features, such as shape and texture features. For instance, the
shape features can be described as Fourier descriptor (FD) [10]
or Zernike moments [11]. FD can be used as a representation
of two-dimensional closed shapes, independent of its location,
scaling, rotation, and starting point. The low-order Zernike moments can represent the whole shape of the image and the highorder Zernike moments can describe the details. The texture features can be obtained through a gray-level co-occurrence matrix
(GLCM) [12], i.e., various statistical indices of the matrix can be
used as texture features. At present, most of the studies on pearl
classification just used one kind of features, e.g., pearl shape
recognition [13] and pearl luster classification [14]. However,
such tasks are quite different from the pearl classification required in the industry, which involves different kinds of features
simultaneously and thus is much more complicated. Moreover,
hand-crafted features always need expert knowledge, the extraction of which, thus, is relatively expensive and inefficient.
Recently, deep learning provides an effective framework for
various tasks in many areas. In particular, CNN can be used to
extract very expressive features in an adaptive manner on visual
recognition tasks. Due to large public image datasets and the
advances in hardware, CNN is becoming the mainstream in visual recognition. It is worth mentioning that ImageNet Large
Scale Visual Recognition Competition (ILSVRC) [15], [16]
plays an important role in creating advanced deep visual recognition architectures, and many successful network architectures
were proposed in ILSVRC, such as AlexNet [17], VGG [18],
GoogleNet [19], and ResNet [20]. Due to the effectiveness of
deep learning methods, more and more researchers apply these
methods in their own domains. Gao et al. [21] applied a deep
belief network to crude-type classification. Shang et al. [22]
proposed a novel soft sensor modeling method based on a
deep learning network. Ince et al. [23] proposed an early faultdetection system using one-dimensional (1-D) CNN, which has
an inherent adaptive design to fuse the feature extraction and
classification phases of the motor fault detection into a single
learning body.
For normal image classification, due to the large gap between
the images of different categories, it is always enough to take
only one single-view image as the input of CNN. However,
fine-grained recognition tasks, such as identifying the species
of a bird or the model of an aircraft, are much more challenging. A common approach for fine-grained recognition tasks is
1 [Online].

Available: http://modelnet.cs.princeton.edu/.
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Fig. 1. Overall structure of the pearl classification machine: (a) the
external shape and (b) the internal mechanical structure.
Fig. 2.

using part-based models such as bilinear CNN [24] models and
two-stream contextualized CNN [25]. Besides, incorporating
multiple-instance learning into a deep learning framework [26]
also performs well.
These studies inspire the current work, and we propose a
novel CNN architecture with five streams and take multiview
images of a pearl as the input. Our work is relatively similar
to a recent study performed by Laptev et al. [27], but there are
still significant differences between the two. First, they used
multiple streams in the training stage and used only one stream
in the test stage, since the parameters are all shared among
the streams, which is similar to Siamese network [28]. In our
work, however, the parameters among streams are only partially
shared. Second, they generated multiple instances of the image
according to transformations and passed these instances through
initial layers, so that the network can learn the transformation
invariant features. However, our work takes multiview images
as the input of the network, in order to overcome the problem
that the visual differences among different categories are too
small to be overlooked due to the inappropriate viewpoint.
III. MECHANICAL DESIGN
We design a pearl classification machine to collect pearl images of different viewing angles and realize pearl classification
automatically. In this section, we will introduce the mechanical
design in detail.
A. Overall Structure
The external shape and the internal mechanical structure of
the pearl classification machine are shown in Fig. 1(a) and (b),
respectively. Its mechanical structure mainly consists of feeding mechanism, delivering mechanism, vision-based detection
device, and classification mechanism, as well as the framework
and the outer casing. The framework is used for installing the
mechanical components and electronic equipment, and the outer
casing encloses the framework and is used for protecting the internal structure. The role of the feeding mechanism is to store the
pearls to be detected and send them into an inverted pyramidshaped container. The role of the delivering mechanism is to
deliver the pearls into the detection device one by one from the

Structure of the delivering mechanism.

inverted pyramid-shaped container. The role of the classification
mechanism is to deliver the pearls into the corresponding boxes
according to the classification results obtained by our MS-CNN
model.
B. Details of the Main Mechanism
1) Feeding Mechanism: The feeding mechanism consists
of a container and a dc motor. The bottom of the container is a
rotatable disc, which is driven by a dc motor. When the dc motor
is rotating, the pearls in the container will fall into the inverted
pyramid-shaped container through the round hole, which is on
the lower side of the container, due to the centrifugal force and
gravity.
2) Delivering Mechanism: The delivering mechanism consists of an inverted pyramid-shaped container, a mechanism similar to a crank-slider mechanism, and a stepper motor, as shown
in Fig. 2. The inverted pyramid-shaped container is fixed on the
framework with rubber washers, which are used for preventing
vibration from being transmitted to the framework. One side
of the container is a movable board. When inserting the board,
pearls can be stored in the container. When pulling the board
out, pearls can flow out of the container through the gap. Two
shaking motors and a photoelectric sensor are installed on the
two sides of the inverted pyramid-shaped container. The role of
shaking motors is to distribute pearls evenly in the container.
And the photoelectric sensor is used for detecting the level of
the pearls in the container to judge whether the amount of pearls
meets the requirement or not.
The mechanism similar to the crank-slider mechanism consists of a linear bearing fixed on the framework, a rod in the linear
bearing (equivalent to the slider in the crank-slider mechanism),
a rotating disk (equivalent to the crank in the crank-slider mechanism), and a link, which connects the rotating disk and the rod.
The rod is hollow and can move up and down between the bottom of the inverted pyramid-shaped container and the bottom
of the detection device, whose function is to deliver the pearls
into the detection device one by one from the container. The top
of the rod is concave and the bottom of the rod connects with
a pipe. A pearl can be held on the top of the rod when the pipe
is under negative pressure. The rod and the link are connected
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air-control gate is connected to the other side of the channel.
The pearl at the entrance can be blown into the air-control gate
through the entrance channel by the air nozzle. The exit of the
air-control gate is connected to a rubber hose, which is able to
swing driven by the swing arm. And the swing arm is driven
by a stepper motor with a timing belt. Therefore, the exit of
the rubber hose is able to be connected to any entrance of the
classification channels controlled by the stepper motor. There
is a photoelectric sensor that is used for obtaining the position
information of the swing arm to ensure it be connected to the
expected classification channel. And the classification channels
are connected to the array of boxes, which are used for storing
the classified pearls with rubber hoses.
Fig. 3.

Structure of the vision-based detection device.

C. Working Principle of the Whole Machine

Fig. 4.

Structure of the classification mechanism.

indirectly with a sleeve and a spring. This structure ensures that
the pearl to be detected can get to the expected position in the
detection device without precise size match and stay there for
a short time. The rotating disk is driven by a stepper motor, so
that the movement of the rod can be controlled by the stepper
motor. And there is a screw on the specific point of the rotating
disk, which cooperates with a proximity switch to eliminate the
error caused by step loss in the operation of the stepper motor.
3) Vision-Based Detection Device: The structure of the
vision-based detection device is shown in Fig. 3. The core components of the detection device include an HD camera, a ringshaped light source, and four mirrors. The four mirrors are
combined into an inverted pyramid shape, which allows the
camera to capture the images of the pearl to be detected from
five different viewing angles by one shot. The camera and ringshaped light source are fixed on the framework, just above the
four mirrors, by a holder, which can be adjusted up and down.
The surfaces of all the parts in the outer casing are coated with
light absorption material. And there is a hole on the bottom of
the detection device, which allows a pearl to get in and out.
4) Classification Mechanism: The classification mechanism consists of an entrance channel, an air-control gate, a
swing arm mechanism, and a box array, as shown in Fig. 4.
The entrance channel is installed under the detection device.
And there is an air nozzle fixed opposite to the entrance and the

We need to pour the pearls to be detected into the container
before the pearl classification machine starts working. With the
disc at the bottom of the container rotating, the pearls in the
container fall into the inverted pyramid-shaped container. When
the amount of pearls in the inverted pyramid-shaped container
meets the requirement judged according to the test result of the
photoelectric sensor, the disc stops rotating so that the pearls
do not fall anymore. When the pearls in the inverted pyramidshaped container become fewer, the disc rotates again, and the
pearls in the container are added.
While the delivering mechanism is working, the shaking motor installed on the side of the inverted pyramid-shaped container is always in operation, which distributes pearls evenly
in the container. When the amount of pearls in the container
meets the requirements, the stepper motor of delivering mechanical starts working. At the beginning, the top of the rod is
at the bottom of the inverted pyramid-shaped container, and a
pearl is on the top of the rod.
While the vacuum generator is working, the pipe is under
negative pressure so that the pearl can be held on the top of
the rod. Then, the rod rises up and delivers the pearl into the
detection device with the rotating of the stepper motor. When
the pearl arrives at the specific position, the rod is blocked by the
bottom of the detection device and does not rise anymore, but
the sleeve continues to rise for a period of time and the spring
is compressed. In this process, the pearl is stationary in the
detection device, which provides the detection device enough
time to detect the pearl. After the sleeve gets to the highest
point, it goes down and the spring is released as the motor
rotates. When the rod goes down, the vacuum generator stops
working and the air nozzle starts working. When the top of the
rod goes down to the entrance of the classification mechanism,
the pearl will be blown into the air control gate through the
entrance channel by the air nozzle. Then, the rod goes down
to the bottom of the inverted pyramid-shaped container and a
delivering operation is finished.
After the detection device completes detecting the pearl,
the classification result is sent to the controller. And the controller controls the rotation of the stepper motor in the classification mechanism according to the result. When the swing
arm is driven to the corresponding entrance, the light of the
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Fig. 5. Architecture of MS-CNN. Five input images correspond to the five views of a pearl. (a) For each input image, we use an AlexNet similar
network to process it, consisting of five convolutional layers, three pooling layers, and one fully connected layer. (b) After that, the element-wise layer
is applied on the feature vectors of the five streams to obtain a unified vector of feature, which contains information of multiple views of the pearl.
(c) The unified vector of feature then serves as the input of a fully connected layer, and further propagates to the last fully connected layer. (d) The
output of the last layer is fed to softmax, which produces a distribution over the classification labels. Moreover, the weights of the corresponding
convolutional layers are shared among the five streams through a weight-sharing mechanism.

photoelectric sensors is blocked and the sensor generates a
feedback signal. When the signal is received, the controller
controls the air-control gate to open and the pearl falls into the
corresponding box through the rubber hose, thus realizing the
classification of the pearl.
IV. METHOD DESCRIPTION
Recently, CNN has attracted a lot of attention from both
academia and industry, and has been used extensively in machine vision applications. CNN is effective in extracting and representing high-level features from big complex data. Due to its
great success in many applications, and also due to the fact that
we can collect numerous pearl images using our machine, we
adopt CNN here to establish the classification model for pearls.
A. CNN Notation
CNN consists of alternatively stacked convolutional layers
and pooling layers, and the feature maps are vectorized and fed
into fully connected layers followed by a softmax layer. Let x be
the input image, and f l (x) be the output of the lth layer. We refer
to the computation of the lth fully connected layer as operator
F l (i, wl ), where wl represents the weight of the lth layer, and
i is the input of the layer. If there is a pooling layer following a
convolutional layer, we consider them as a single layer.
B. MS-CNN Architecture
Pearls, as a kind of gems, the classification of which is even
more difficult than many fine-grained classifications, such as
dogs and cats. In fact, dog lovers may tell the breed of a dog
when they see a picture of it with whatever viewing angle.
However, for a pearl, even the experienced professionals need
to look very carefully around it to determine its classification.
This is because some features of pearl, such as texture, are
quite tiny and local, one cannot detect them from only a single
viewing angle. Therefore, it requires us to use multiview images

of pearls, and further construct an MS-CNN model to process
them simultaneously, as shown in Fig. 5. The five streams can
be considered as five feature extractors, which take the pearl
images of five viewing angles, including top, left, right, main,
and rear, as inputs.
The dimension of each input layer is 300 × 300 × 3, i.e., we
consider RGB images. And each stream, similar to the AlexNet,
includes five convolutional layers, three pooling layers, and one
fully connected layer.
The output of each stream is the feature of an image from one
viewing angle. According to our notations, it can be expressed
as follows:
f 6 (x) = F 6 (f 5 (x), w6 ).

(1)

Given the output of each stream f 6 (x), we, thus, construct the
new feature g 6 (x) that contains information of multiple views of
a pearl. We use an element-wise layer and two fully connected
layers after the five streams, as shown in Fig. 5, and the elementwise layer formulates these features in the following manner:


f 6 (x) k
(2)
g 6 (x) =
k ∈Φ

where k is the index of streams, and Φ is the index set {1, . . . , 5}.
Besides, we can integrate these features through a weighted
combination
 

g 6 (x) =
wk f 6 (x) k
(3)
k ∈Φ

where wk is the weight to control the tradeoff among features
of five streams, wk ∈ [0, 1].
Softmax loss function is finally used to tune the weights of the
network with backpropagation in the training stage. The detailed
architecture of our MS-CNN is shown in Table I. Although this
architecture may not be optimal and could be further improved,
we find that it can do an impressive job in our classification
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TABLE I
SIZE FOR EACH LAYER OF THE MS-CNN
Stream
1–5
1–5
1–5
1–5
1–5
1–5
1–5
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TABLE II
SUMMARY OF HAND-CRAFTED FEATURES

Name

Type

Filter size /stride

Output size

Index

Features

View

Conv1
Pool1
Conv2
Pool2
Conv3
Conv4
Conv5
Pool5
Fc6
Dropout [29]
Element-wise
Fc7
Dropout
Fc8

Convolution
Max pooling
Convolution
Max pooling
Convolution
Convolution
Convolution
Max pooling
Full connection
Dropout (50%)
Sum
Full connection
Dropout (50%)
Full connection

11 × 11/4
3 × 3/2
5 × 5/1
3 × 3/2
3 × 3/1
3 × 3/1
3 × 3/1
3 × 3/2

73 × 73 × 96
36 × 36 × 96
36 × 36 × 256
18 × 18 × 256
18 × 18 × 384
18 × 18 × 384
18 × 18 × 256
9 × 9 × 256
4096
4096
4096
4096
4096
2/7

1–8
9–16
17–24
25–32
33–40
41
42
43
44

F(0)–F(7)
F(0)–F(7)
F(0)–F(7)
F(0)–F(7)
F(0)–F(7)
Average contrast
Average correlation
Average energy
Average homogeneity

Top
Left
Right
Main
Rear

tasks and slight changes seem not to have a significant impact
on the classification results.
ReLU neuron [30] is used for all convolutional layers and all
fully connected layers except the last fully connected layer. It is
worth mentioning that the weights of convolutional layers are
shared among the five streams. Therefore, the actual model requires smaller memory than the model without weight-sharing.
Considering that the five streams correspond to the five different
views of the pearl, to reflect the difference between them, the
weights of the fully connected layers in the five streams are not
shared.
C. Implementation
We train our MS-CNN using stochastic gradient descent with
a batch size of 20 and use some tricks during training, such as
momentum and weight decay.
We initialize the weights of convolutional layers following a
zero-mean Gaussian distribution with standard deviation 0.01.
The weights of fully connected layers are initialized in the same
way but with standard deviation 0.005. And we initialize the
neuron biases in both convolutional and fully connected layers
with constant 0.1.
V. EXPERIMENT
Using our machine, we collect the image dataset of pearls
labeled by experienced professionals in advance. All the pearls
came from Zhuji, Zhejiang Province, China. Since the target
pearls mainly have light color, we set black background so
that the multiview images of a pearl can be obtained easily by
threshold segmentation [31].
A. Pearl Dataset
We collected a large number of pearls, which were labeled
by the experienced professionals in a moderate-scale pearlproducing corporation. Basically, the pearls are classified into
two or seven classes, determined by the further usage of pearls
and the market. Specifically, the pearls can be classified into
two classes with rough rules, one for flat-shape or deeply

blemished pearls and the other for slightly or nonblemished
pearls. On the other hand, these pearls can also be classified into
seven classes with fine rules. Compared with the rough rules, the
fine rules for pearl classification have more strict requirements
in the shape and texture of pearls. In particular, the flat-shape
or deeply blemished pearls can be further classified into three
classes according to fine rules: 1) the pearls with multiple flat
faces; 2) the pearls with symmetric shape; and 3) the rest of the
pearls. On the other hand, the slightly or nonblemished pearls
can be further classified into four classes: 1) the pearls with
the ratio of short to long radius approximately higher than 0.7;
2) the rest of the shallow blemished pearls; 3) the rest of the
implicit blemished pearls; and 4) the rest of the pearls.
We finally collect 10 500 pearls and 52 500 multiview images
with label information. We split the dataset into three parts,
according to the ratio of 6 : 2 : 2, including 6300 training instances, 2100 validation instances, and 2100 test instances. The
labels of these instances depend on the classification rules. We
use training and validation sets in the training stage and use a
test set to evaluate the models.
B. Classification Results
To test the performance of the proposed CNN, we train two
models for rough and fine classification tasks. Specifically, we
note task #1 for classifying pearls into two classes and task
#2 for classifying pearls into seven classes. The element-wise
layer combines features by (2) in this part. To compare with
the traditional methods, we also design hand-crafted features
to classify the pearls. For shape features, we use 1-D FD mentioned in [10] and [13]. Specifically, eight Fourier coefficient
values F (0)–F (7) are computed as the shape features. After
getting the GLCM of pearl images, we use the metrics, including contrast, correlation, energy, and homogeneity, as the texture
features.
Corresponding to the images of five viewing angles for a
pearl, we have five groups of shape and texture features. We
obtain the final texture features by averaging over five groups
of texture features. Considering that the average operation may
not be appropriate for the integration of shape information, five
groups of shape features are concatenated as the final shape
features of the pearl. Finally, we get a 44-dimensional feature
vector, as shown in Table II. Based on these features, we then
use SVM and BPNN to classify the pearls. Radial basis function
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TABLE III
TEST ACCURACIES OBTAINED BY SVM, BPNN, AND OUR MS-CNN ON
TASK #1 AND TASK #2
Task

Fig. 6. Training loss and validation accuracy for task #1, which aims to
classify pearls into two classes.

Fig. 7. Training loss and validation accuracy for task #2, which aims to
classify pearls into seven classes.

(RBF) kernel is used in the SVM model. Training and validation
data are used to select the hyperparameters of the SVM model
by a grid searching technique. More specifically, fourfold crossvalidation is used to evaluate the hyperparameters and determine
the optimum ones. We get the optimal RBF kernel parameter
g = 8 and the optimal penalty factor c = 2 for both task #1 and
task #2. The BPNN model is developed using a single hidden
layer with the sigmoidal activation function. The number of hidden neurons is also determined by the same method described
above. For task #1, the optimal number of hidden neurons is
36, while for task #2, the optimal number is 42. These are the
models for comparison.
We train our MS-CNN on GeForce GTX TITAN X with Caffe
[32]. The learning rate starts from 1e−3 and is divided by 2 after
every 10 000 iterations. We stop training when the validation
accuracy stops increasing. The models for two different tasks
tend to converge after 10 000 iterations: the validation accuracy
for task #1 stops increasing after 28 000 iterations, and reaches
about 93.19%, while the validation accuracy stops increasing
after 20 000 iterations for task #2 and keeps about 91.44%.
Figs. 6 and 7 show the trends of training loss and the trends of
validation accuracy in the training stage, for task #1 and task #2,
respectively. It takes about 72 s to test 2100 pearls using GPU.
In other words, classifying a pearl only needs 0.034 s, leaving
plenty of time for mechanical operations.

Method

Features

Accuracy (%)

#1

SVM
BPNN
MS-CNN

Hand-crafted

85.19
81.57
92.14

#2

SVM
BPNN
MS-CNN

Autoencoder-derived
Hand-crafted
Autoencoder-derived

67.19
62.52
91.24

The accuracies obtained by SVM, BPNN, and our MS-CNN
on the test data are presented in Table III. It can be seen that, in
general, MS-CNN behaves much better than SVM and BPNN.
For task #1, which is relatively easy, SVM and BPNN can
achieve acceptable accuracies, i.e., higher than 80%, although
they are still lower than the accuracy, equal to 92.14%, obtained
by our method. However, for task #2, which is relatively difficult, SVM and BPNN, taking the 44-dimensional hand-crafted
feature vector as input, rapidly lose their effectiveness, i.e., the
accuracies are even lower than 70%, while in this case, the accuracy obtained by the MS-CNN still keeps high level and is equal
to 91.24%. Such significant contrast may indicate that richer
hand-crafted features need to be extracted to solve more complicated classification tasks based on SVM and BPNN, while
CNN, on the other hand, can obtain expressive features automatically no matter for simple or complicated classification
tasks, which is a huge advantage especially when the various
hand-crafted features are difficult to describe and expensive to
obtain.
Five streams are used in our MS-CNN model to fuse the
information of different views of a pearl. In order to verify the
effectiveness of using multiple streams, we also use a singleview image to realize pearl classification. In this case, only one
stream is needed and the network architecture is just like the
AlexNet. The size of the network is set to the same as one stream
of the MS-CNN, as presented in Table I. We train the network
by using the images of top, left, right, main, and rear views.
After about 30 000 iterations in the training stage, the validation
accuracy stops increasing. Then, we compare the test accuracy
obtained by using single-stream CNN with that obtained by our
MS-CNN. The comparison results are shown in Fig. 8, where we
can see that our method indeed outperforms the single-stream
CNN model, especially for the relatively difficult task #2.
C. Weighted Combination
We can find that a single-stream CNN model is more effective
on both tasks #1 and #2 when it takes left or right view as input,
as shown in Fig. 8. It seems that left and right views can provide
more information and it is reasonable to assign a higher weight to
them. Hence, we empirically set the weights wk corresponding
to left and right views to 1, and set the others to 0.8 in (3).
The accuracies obtained by our modified model are presented
in Table IV. The results show that weighted combination of
different streams can indeed improve the performance of our
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Fig. 8. Comparison between MS-CNN and the single-stream CNN taking the top, left, right, main, and rear views as input.
TABLE IV
COMPARISON BETWEEN MS-CNN AND MS-CNN WITH WEIGHED
COMBINATION ON TASK #1 AND TASK #2
Task

Method

Accuracy (%)

#1

MS-CNN
Weighted combination

92.14
93.90

#2

MS-CNN
Weighted combination

91.24
92.57

TABLE V
COMPARISON AMONG DIFFERENT NETWORKS ON TASK #2
Method
AlexNet
VGG19
GoogleNet
ResNet34

Batch size

Training time (h)

Testing time (s)

Accuracy (%)

20
5
20
20

5.64
18.30
2.87
3.78

15.25
74.35
23.69
30.69

87.48
89.48
89.29
83.57

MS-CNN. Specifically, setting some weight to be 1 and the
others to be 0 can make our MS-CNN degenerate to a singlestream model if the weights of streams are not shared. Although
weighted combination can make the model more flexible, how
to find optimal weight parameters still keeps an open problem.
D. Why AlexNet
It is well known that many successful networks were proposed recently. Besides AlexNet, we also use other networks to
realize pearl classification. In particular, we compare AlexNet
with VGG19, GoogleNet, and ResNet34 on task #2, since it is
relatively difficult.
Right view is adopted in our experiment, as it seems that this
view is more effective in classification task, as shown in Fig. 8.
We use some indices, including training time, testing time, and
accuracy, to evaluate different networks. It is found that VGG19
is difficult to converge in the training stage, so we add batch
normalization [33] after convolutional layers in VGG19. Since
training VGG19 with the batch size of 20 is memory-consuming,
we decrease the batch size to 5 so that it can finish training in a
single GPU. The experimental results are presented in Table V.

Fig. 9. First two rows are the examples of training pearls, belonging to class-e and class-g, with the classification criteria described in
Section V-A. The last two rows are the failure cases. The pearl on the
third row is classified as class-g by experienced professionals, but is
classified as class-e by our model, while the pearl on the last row is
classified as class-e by experienced professionals, but is classified as
class-g by our model. The images are listed in the order of top, left, right,
main, and rear views, from the left to the right.

We can see that training VGG19 is most time-consuming
due to the smaller batch size and larger number of parameters.
Compared with other networks, AlexNet has fewer layers, so
that it has the least testing time, i.e., it takes only 15.25 s to
test 2100 pearls with AlexNet, much faster than the other three
networks. The accuracy of AlexNet is 87.48%, comparable with
VGG19 and GoogleNet and much better than ResNet34. The
simpler structure of AlexNet makes it easier to be extended
to multistream networks. Moreover, the less testing time can
help the classification machine process more pearls in unit time,
which is important in industrial application. For these reasons,
we adopt AlexNet to design MS-CNN.
E. Failure Cases
In order to better understand the performance of our model,
we select some failure cases in both MS-CNN and MS-CNN
with weighted combination, i.e., neither MS-CNN nor MS-CNN
with weighted combination can classify these pearls correctly.
The failure cases are shown in Fig. 9. The pearls of class-e and
class-g are those with the ratio of short to long radius approximately lower than 0.7, in simple terms, it can be interpreted that
these pearls are rice-shaped. Furthermore, the pearls of class-e
are shallow blemished, while pearls of class-g are nonblemished.
We can find that the pearl on the third row is rice-shaped, and
it is shallow blemished with high probability according to left,
right, main, and rear views. From the viewpoint of classification
criteria, the pearl on the third row could also belong to class-e.
On the other hand, we can also see that the size of this pearl is
relatively large, and thus may have a higher value than the other
pearls of class-e. This might be the reason why the experienced
professionals tend to classify this pearl into class-g as the more
valuable class.
The pearl on the last row is also rice-shaped. By zooming in
left, right, and rear views, we can find that there is a slightly
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Fig. 10. Visualizations of the activations of conv22 3 9 in all five streams
using deconvnet for a pearl. The first row shows five views of the pearl,
which are listed in the order of top, left, right, main, and rear views.
The activations in the second row show that the channel does not only
extract edges but highly respond to the textures on the surface. And the
visualizations in the third row reflect part of the texture information of the
pearl.

dent on the surface. Hence, this pearl is shallow blemished and
it should belong to class-e. We argue that dent is an unusual
blemish in our training data, so our models failed to classify it
correctly, especially this pearl is very similar to pearls of class-g
on color and luster. We believe this wrongly classified case can
be corrected after our dataset is enlarged in the future.
VI. FEATURE VISUALIZATION
To explore what features extracted by our model so as to better
understand the mechanism of the MS-CNN, we use the deconvnet [34]. The deconvnet is a novel way to map the activities
of a chosen feature map back to the input pixel space, making it possible for us to build intuitions about how CNN works.
Since each stream in our MS-CNN is similar to the AlexNet, the
convolutional layers in the MS-CNN share similar functions as
those in AlexNet, i.e., conv1 simply extracts features like edges
and colors, while conv2 reflects their conjunctions. For example, one pearl texture detector, conv2239 (channel number 239
on conv2), as shown in Fig. 10, obviously captures the complex
blemishes on a pearl.
Although part of the features may reflect the glisten on the
surface of the pearl, the visualization results reveal that our
model does not only simply extract features like shape and
color, but also can recognize relatively complex features like
texture. It coincides with the rules of manual pearl classification
in reality.
VII. CONCLUSION
In this paper, we designed a pearl classification machine,
based on which multiview images of massive pearls can be
automatically collected, and the pearls can be classified with a
relatively high accuracy utilizing a novel MS-CNN algorithm.
The machine can run smoothly. Our MS-CNN with five
streams, taking the images of five views for each pearl as the
input, can extract the features on the surface of the pearl and
further fuse them through a weight-sharing mechanism and the

following element-wise and fully connected layers. Experimental results showed that the proposed MS-CNN can overcome
the problem caused by viewpoint to a certain extent and performed well in two classification tasks, much better than SVM
and BPNN based on hand-crafted features, especially when a
weighted combination strategy was adopted to pay more attention to the left and right views. It should be noted that here
we chose AlexNet as a basis network to construct our MSCNN, since the experiments validated that AlexNet has the least
testing time and comparable accuracy, compared with VGG19,
GoogleNet, and ResNet34. Through visualization of activations
of convolutional kernels, we demonstrated that our model can
recognize relatively complex features like texture. MS-CNN
may also be used in many other applications where multiview
images need to be handled, e.g., 3-D CAD models. Our machine can classify pearls effectively and efficiently, imitating
the manual classification in reality, and thus is of value to the
pearl-producing companies.
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