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DESCRIPTION 

Title of Invention 

MACHINE LEARNING APPARATUS, SLIDING-SURFACE DIAGNOSIS 

APPARATUS, INFERENCE APPARATUS, MACHINE LEARNING METHOD, 

MACHINE LEARNING PROGRAM, SLIDING-SURFACE DIAGNOSIS METHOD, 5 

SLIDING-SURFACE DIAGNOSIS PROGRAM, INFERENCE METHOD, AND 

INFERENCE PROGRAM 

Technical Field 

[0001] The present invention relates to a machine learning apparatus, a sliding-surface 10 

diagnosis apparatus, an inference apparatus, a machine learning method, a machine 

learning program, a sliding-surface diagnosis method, a sliding-surface diagnosis 

program, an inference method, and an inference program. 

Background Art 

[0002] A sliding mechanical element having a sliding surface has been conventionally 15 

used as one of many mechanical elements that constitute mechanical equipment.  The 

sliding mechanical element includes a fixed-side sliding member and a rotation-side 

sliding member, and relative movement of these members is achieved by a sliding 

movement of sliding surfaces of both members.  Therefore, a condition of the sliding 

surfaces greatly affects a function of the sliding mechanical element.  From a viewpoint 20 

of maintenance of mechanical equipment, it is extremely important to diagnose the 

condition of the sliding surfaces and manage them in an appropriate condition.  

[0003] For example, Patent Document 1 and Patent Document 2 disclose apparatus for 

diagnosing a condition of a sliding surface of a sliding mechanical element.  The Patent 

Document 1 discloses an apparatus that detects damage to a sliding portion by monitoring 25 

a physical quantity, such as pressure or temperature, of the sliding portion between a 

rotary shaft and a slide bearing.  The Patent Document 2 discloses an elastic-wave 

sensor as a sliding-condition detecting means attached to a bearing device.  A shortage 
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trend of lubricating oil on sliding surfaces between a bush and a connecting pin is 

detected based on a change in vibration detected by the elastic-wave sensor.  

Citation List 

Patent Literature 

[0004] Patent document 1: Japanese laid-open patent publication No. 2010-180982 5 

 Patent document 2: Japanese laid-open patent publication No. H10-318261 

Summary of Invention 

Technical Problem 

[0005] The apparatuses disclosed in the Patent Documents 1 and 2 diagnose the 

condition of the sliding surface based on an individual physical quantity (e.g., pressure, 10 

temperature, and vibration).  Therefore, when the change in the condition of the sliding 

surface causes a change in a physical quantity other than the above physical quantities or 

causes a change in a plurality of physical quantities in combination, the apparatuses 

disclosed in the Patent Documents 1 and 2 cannot diagnose it.  In addition, diagnosis 

involving complex phenomena based on multiple physical quantities depends largely on 15 

experience of an operator (including tacit knowledge), and there are large individual 

differences between operators.  Therefore, there has been a strong demand for automatic 

diagnosis.   

[0006] In view of the above-described problem, the present invention provides a 

machine learning apparatus, a sliding-surface diagnosis apparatus, an inference apparatus, 20 

a machine learning method, a machine learning program, a sliding-surface diagnosis 

method, a sliding-surface diagnosis program, an inference method, and an inference 

program that can achieve highly accurate diagnosis of a condition of a sliding surface of a 

sliding mechanical element without depending on an experience of an operator. 

Solution to Problem 25 

[0007] In order to achieve the above object, a first aspect of the present invention 

provides a machine learning apparatus for generating a learning model to be used in a 

sliding-surface diagnosis apparatus for diagnosing a condition of sliding surfaces of a 
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fixed-side sliding member and a rotation-side sliding member, comprising: a learning-

data memory configured to store one or plural sets of learning data including input data 

containing at least data on motor current value in a predetermined period supplied to a 

motor which is a driving source for the rotation-side sliding member, data on contact 

electric resistance between the fixed-side sliding member and the rotation-side sliding 5 

member in the predetermined period, and data on vibration generated in at least one of the 

fixed-side sliding member and the rotation-side sliding member in the predetermined 

period; a machine learning section configured to input the one or plural sets of learning 

data to the learning model to cause the learning model to learn a correlation between the 

input data and diagnostic information of the sliding surfaces; and a learned-model 10 

memory configured to store the learning model that has learned by the machine learning 

section. 

[0008] In order to achieve the above object, a second aspect of the present invention 

provides a sliding-surface diagnosis apparatus for diagnosing a condition of sliding 

surfaces of a fixed-side sliding member and a rotation-side sliding member using a 15 

learning model generated by the machine learning apparatus, comprising: an input-data 

acquisition section configured to acquire input data containing data on motor current 

value in a predetermined period supplied to a motor which is a driving source for the 

rotation-side sliding member, data on contact electric resistance between the fixed-side 

sliding member and the rotation-side sliding member in the predetermined period, and 20 

data on vibration generated in at least one of the fixed-side sliding member and the 

rotation-side sliding member in the predetermined period; and an inference section 

configured to input the input data acquired by the input-data acquisition section into the 

learning model and infer diagnostic information of the sliding surfaces. 

Advantageous Effects of Invention 25 

[0009] The machine learning apparatus of the present invention can provide the learning 

model capable of accurately inferring (estimating) the diagnostic information of the 

sliding surface from the data on the motor current value, the data on the contact electric 
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resistance, and the vibration data.  Furthermore, the sliding-surface diagnosis apparatus 

of the present invention can accurately diagnose the condition of the sliding surfaces 

without depending on an experience of an operator. 

[0010] Problems, configurations, and effects other than the above will be will apparent 

in embodiments for carrying out the invention, which will be described later. 5 

Brief Description of Drawings 

[0011]  

[FIG. 1] FIG. 1 is a schematic configuration diagram showing an example of a first 

sliding mechanical element 1A to which a sliding-surface diagnosis system 2 according to 10 

a first embodiment is applied; 

[FIG. 2] FIG. 2 is a schematic configuration diagram showing an example of a second 

sliding mechanical element 1B to which the sliding-surface diagnosis system 2 according 

to the first embodiment is applied; 

[FIG. 3] FIG. 3 is a hardware configuration diagram showing an example of a computer 15 

200 that constitutes a machine learning apparatus 4 and a sliding-surface diagnosis 

apparatus 5; 

[FIG. 4] FIG. 4 is a block diagram showing an example of the machine learning apparatus 

4 according to the first embodiment;  

[FIG. 5] FIG. 5 is a data configuration diagram showing an example of data (supervised 20 

learning) used by the machine learning apparatus 4 according to the first embodiment;  

[FIG. 6] FIG. 6 is a schematic diagram showing an example of a neural network model 

used in the machine learning apparatus 4 according to the first embodiment;  

[FIG. 7] FIG. 7 is a flowchart showing an example of a machine learning method 

performed by the machine learning apparatus 4 according to the first embodiment;  25 

[FIG. 8] FIG. 8 is a block diagram showing an example of the sliding-surface diagnosis 

apparatus 5 according to the first embodiment;  

[FIG. 9] FIG. 9 is a flow chart showing an example of a sliding-surface diagnosis method 
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performed by the sliding-surface diagnosis apparatus 5 according to the first embodiment;  

[FIG. 10] FIG. 10 is a data configuration diagram showing an example of data 

(unsupervised learning) used in the machine learning apparatus 4 according to a second 

embodiment; 

[FIG. 11] FIG. 11 is a schematic diagram showing an example of an autoencoder model 5 

used in the machine learning apparatus 4 according to the second embodiment; 

[FIG. 12] FIG. 12 is a flow chart showing an example of a machine learning method 

performed by the machine learning apparatus 4 according to the second embodiment; and  

[FIG. 13] FIG. 13 is a flow chart showing an example of a sliding-surface diagnosis 

method performed by the sliding-surface diagnosis apparatus 5 according to the second 10 

embodiment. 

Description of Embodiments 

[0012] Embodiments for carrying out the present invention will be described below with 

reference to the drawings.  In the following descriptions, scope necessary for the 15 

descriptions to achieve the object of the present invention will be schematically shown, 

scope necessary for the descriptions of relevant parts of the present invention will be 

mainly described, and parts omitted from the descriptions will be based on known 

technology. 

[0013] (First embodiment) 20 

 FIG. 1 is a schematic configuration diagram showing an example of a first 

sliding mechanical element 1A to which a sliding-surface diagnosis system 2 according to 

a first embodiment is applied.  FIG. 2 is a schematic configuration diagram showing an 

example of a second sliding mechanical element 1B to which the sliding-surface 

diagnosis system 2 according to the first embodiment is applied. 25 

[0014] The sliding mechanical elements 1A and 1B are composed of the first sliding 

mechanical element 1A (see FIG. 1) in which sliding surfaces 100 and 110 are in line 
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contact, and the second sliding mechanical element 1B (see FIG. 2) in which sliding 

surfaces 100 and 110 are in surface contact. 

[0015] Each of the first and second sliding mechanical elements 1A and 1B includes a 

fixed-side sliding member 10 having a fixed-side sliding surface 100 and a rotation-side 

sliding member 11 having a rotation-side sliding surface 110.  In this specification, the 5 

term “sliding surface” is used as a term that represents not only both the fixed-side sliding 

surface 100 and the rotation-side sliding surface 110, but also either one of them.  

[0016] The fixed-side sliding member 10 is fixed to a support member (not shown).  

The rotation-side sliding member 11 is fixed to a rotation shaft 12, and the rotation shaft 

12 is coupled to a motor 13 as a driving source.  The rotation-side sliding member 11 is 10 

rotated together with the rotation shaft 12 when current is supplied from a motor control 

device 14 to the motor 13 to cause the motor 13 to rotate.  At this time, the fixed-side 

sliding surface 100 and the rotation-side sliding surface 110 slide in the presence of 

lubricant therebetween.  The lubricant can be any substance, such as oil, water, aqueous 

solution, or the like. 15 

[0017] As shown in FIG. 1, the first sliding mechanical element 1A has sliding surfaces 

100 and 110 which are in line contact, and constitutes, for example, a sliding bearing that 

receives a radial load.  In the first sliding mechanical element 1A, the fixed-side sliding 

member 10 and the rotation-side sliding member 11 have an annular shape and arranged 

concentrically around the rotation shaft 12.  The rotation-side sliding member 11 is fixed 20 

to the rotation shaft 12 so as to cover an outer peripheral surface of the rotation shaft 12.  

An outer peripheral surface of the rotation-side sliding member 11 corresponds to the 

rotation-side sliding surface 110.  The rotation-side sliding member 11 and the rotation 

shaft 12 may not be individual elements, and the rotation shaft 12 itself may serve as the 

rotation-side sliding member 11.  In that case, the outer peripheral surface of the rotation 25 

shaft 12 corresponds to the rotation-side sliding surface 110.  The fixed-side sliding 

member 10 is arranged so as to cover the rotation-side sliding surface 110.  An inner 
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peripheral surface of the fixed-side sliding member 10 corresponds to the fixed-side 

sliding surface 100. 

[0018] As shown in FIG. 2, the second sliding mechanical element 1B has sliding 

surfaces 100 and 110 which are in surface contact, and constitutes, for example, a slide 

bearing or a mechanical seal that receives a thrust load.  In the second sliding 5 

mechanical element 1B, the fixed-side sliding member 10 and the rotation-side sliding 

member 11 have an annular shape and are arranged side by side coaxially with the 

rotation shaft 12.  A donut-shaped side surface of the fixed-side sliding member 10 

located at the rotation-side sliding member 11 side corresponds to the fixed-side sliding 

surface 100.  The rotation-side sliding member 11 is fixed to the outer peripheral surface 10 

of the rotation shaft 12.  A donut-shaped side surface of the rotation-side sliding member 

11 located at the fixed-side sliding member 10 side corresponds to the rotation-side 

sliding surface 110.  The fixed-side sliding member 10 and the rotation-side sliding 

member 11 are supported such that the fixed-side sliding surface 100 and the rotation-side 

sliding surface 110 are pressed in an axial direction of the rotation shaft 12 by biasing 15 

members 15.  The biasing members 15 may be provided on the fixed-side sliding 

member 10 side, instead of or in addition to being provided on the rotation-side sliding 

member 11 side as shown in FIG. 2.  The biasing members 15 may be omitted without 

being provided on the rotation-side sliding member 11 side as shown in FIG. 2. 

[0019] The sliding-surface diagnosis system 2 is provided for diagnosing condition of 20 

the sliding surfaces 100 and 110 of the sliding mechanical elements 1A and 1B having the 

above configurations.  The sliding-surface diagnosis system 2 includes a measuring 

device 3, a machine learning apparatus 4, and a sliding-surface diagnosis apparatus 5. 

[0020] The measuring device 3 is installed at each portion of the sliding mechanical 

elements 1A and 1B, and measures physical quantities and condition quantities of each 25 

portion of the sliding mechanical elements 1A and 1B.  The measuring device 3 is 

coupled to the machine learning apparatus 4 and used for measuring of learning data in a 

learning phase, and is coupled to the sliding-surface diagnosis apparatus 5 and used for 
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measuring of diagnostic data in an inference phase.  The measuring device 3 includes a 

motor current sensor 30, a contact electric resistance measuring circuit 31, an acoustic 

emission (hereinafter referred to as “AE”) measuring circuit 32, and an acceleration 

sensor 33. 

[0021] The motor current sensor 30 is attached to, for example, a power line that 5 

couples the motor 13 to the motor control device 14 and measures a motor current value 

supplied from the motor control device 14 to the motor 13.  The motor current sensor 30 

may be provided in the motor 13 or in the motor control device 14. 

[0022] The contact electric resistance measuring circuit 31 is electrically coupled to the 

fixed-side sliding member 10 and the rotation-side sliding member 11 and applies a 10 

predetermined voltage to the fixed-side sliding member 10 and the rotation-side sliding 

member 11 to measure a contact electric resistance between the fixed-side sliding 

member 10 and the rotation-side sliding member 11.  A measured value of the contact 

electric resistance may be a resistance value (0�) indicating a contact state when there is 

not sufficient lubricant between the fixed-side sliding member 10 and the rotation-side 15 

sliding member 11.  When a sufficient amount of lubricant exists between the fixed-side 

sliding member 10 and the rotation-side sliding member 11, a resistance value (for 

example, on the order of 100 k�) indicating an insulating state is measured. 

[0023] The AE measuring circuit 32 includes an AE sensor 320 fixed to the fixed-side 

sliding member 10, and a signal processing circuit 321 electrically coupled to the AE 20 

sensor 320.  The AE sensor 320 detects an AE wave generated in the fixed-side sliding 

member 10 and outputs the AE wave as an AE signal.  The signal processing circuit 321 

has, for example, a preamplifier and a discriminator, and passes the AE signal, output by 

the AE sensor 320, through a predetermined filter to amplify the AE signal and measure 

the AE wave.  The AE sensor 320 may be fixed to the rotation-side sliding member 11, 25 

instead of or in addition to the fixed-side sliding member 10.  In the example shown in 

FIGS. 1 and 2, the AE sensor 320 is attached to the outer cylindrical surface of the fixed-

side sliding member 10, while attachment position and attachment manner of the AE 
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sensor 320 may be changed as appropriate.  The AE sensor 320 may be attached, for 

example, to an axial end surface of the fixed-side sliding member 10, or may be attached 

to the fixed-side sliding member 10 via a member, such as an adapter or a casing. 

[0024] The acceleration sensor 33 is fixed to the fixed-side sliding member 10 and 

measures acceleration generated in the fixed-side sliding member 10.  The acceleration 5 

sensor 33 is, for example, a sensor that measures single-axis acceleration, and is fixed to 

the fixed-side sliding member 10 so as to measure the acceleration in a direction 

(indicated by arrows D1 and D2) perpendicular to the sliding surfaces 100 and 110.  In 

the first sliding mechanical element 1A, the direction indicated by the arrow D1 (see FIG. 

1) is a radial direction of the fixed-side sliding member 10 and a load direction of the 10 

rotation shaft 12.  In the second sliding mechanical element 1B, the direction indicated 

by the arrow D2 (see FIG. 2) is an axial direction of the fixed-side sliding member 10, 

and is a direction in which the rotation-side sliding member 11 and the fixed-side sliding 

member 10 are pressed against each other.  The acceleration sensor 33 may be fixed to 

the rotation-side sliding member 11, instead of or in addition to the fixed-side sliding 15 

member 10.  In the example show in FIGS. 1 and 2, the acceleration sensor 33 is 

attached to the outer cylindrical surface of the fixed-side sliding member 10, while 

attachment position and attachment manner of the acceleration sensor 33 may be changed 

as appropriate.  The acceleration sensor 33 may be attached, for example, to an axial end 

surface of the fixed-side sliding member 10, or may be attached to the fixed-side sliding 20 

member 10 via a member, such as an adapter or a casing. 

[0025] The measuring device 3, for example, measures the physical quantity and the 

condition quantity of each part at a predetermined measuring cycle.  The measuring 

device 3 is configured to be able to output the measured value at a measuring time to the 

machine learning apparatus 4 and the sliding-surface diagnosis apparatus 5 each time the 25 

measuring cycle elapses.  Measuring cycles of the motor current sensor 30, the contact 

electric resistance measuring circuit 31, the AE measuring circuit 32, and the acceleration 

sensor 33, which constitute the measuring device 3, may be the same or different.  The 
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measuring device 3 may output a continuous measured value like an analog signal, 

instead of outputting a discrete measured value each time the measuring cycle elapses as 

described above. 

[0026] The machine learning apparatus 4 operates as a main configuration in a learning 

phase and generates a learning model 6 by machine learning for use in diagnosing the 5 

condition of the sliding surfaces 100 and 110.  The machine learning apparatus 4 can 

employ both “supervised learning” and “unsupervised learning” as a machine learning 

method.  This embodiment employs “supervised learning”, and the second embodiment, 

which will be described later, employs “unsupervised learning”. 

[0027] The sliding-surface diagnosis apparatus 5 operates as a main configuration in an 10 

inference phase, and uses the learning model 6, which is a learned model, generated by 

the machine learning apparatus 4 to diagnose the condition of the sliding surfaces 100 and 

110 from the measured values measured by the measuring device 3.  The learning model 

6, which is a learned model, is provided from the machine learning apparatus 4 to the 

sliding-surface diagnosis apparatus 5 via any communication network, storage medium, 15 

or the like. 

[0028] FIG. 3 is a hardware configuration diagram showing an example of a computer 

200 that constitutes the machine learning apparatus 4 and the sliding-surface diagnosis 

apparatus 5.  

[0029] Each of the machine learning apparatus 4 and the sliding-surface diagnosis 20 

apparatus 5 is constituted of the computer 200 which is a general-purpose computer or 

dedicated computer.  As shown in FIG. 3, main components of the computer 200 include 

buses 210, a processor 212, a memory 214, an input device 216, a display device 218, a 

storage device 220, a communication I/F (interface) section 222, an external device I/F 

section 224, an I/O (input/output) device I/F section 226, and a media input/output section 25 

228.  The above components may be omitted as appropriate depending on an application 

in which the computer 200 is used. 
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[0030] The processor 212 is constituted of one or more arithmetic processing device(s) 

(CPU, MPU, GPU, DSP, etc.), and operates as a controller configured to control the 

entire computer 200.  The memory 214 stores various data and programs 230, and is 

constituted of, for example, a volatile memory (DRAM, SRAM, etc.) functioning as a 

main memory and a non-volatile memory (ROM, flash memory, etc.). 5 

[0031] The input device 216 is constituted of, for example, a keyboard, a mouse, a 

numeric keypad, an electronic pen, etc.  The display device 218 is constituted of, for 

example, a liquid crystal display, an organic EL display, an electronic paper, a projector, 

etc.  The input device 216 and the display device 218 may be configured integrally like a 

touch panel display.  The storage device 220 is constituted of, for example, HDD, SSD, 10 

etc., and stores various data necessary for performing operating system and the programs 

230. 

[0032] The communication I/F section 222 is wired or wirelessly coupled to a network 

240, such as the Internet or an intranet, and transmits and receives data to and from 

another computer according to a predetermined communication standard.  The external 15 

device I/F section 224 is wired or wirelessly coupled to an external device 250, such as a 

printer or a scanner, and transmits and receives data to and from the external device 250 

according to a predetermined communication standard.  The I/O device I/F section 226 

is coupled to I/O device 260, such as various sensors or actuators, and transmits and 

receives various signals, such as detection signals from the sensors or control signals to 20 

the actuators, and data to and from the I/O device 260.  The media input/output section 

228 is constituted of, for example, a drive device, such as a DVD drive or a CD drive, and 

writes and reads data into and from media 270, such as a DVD or a CD. 

[0033] In the computer 200 having the above configurations, the processor 212 calls the 

programs 230 to a work memory area of the memory 214 and executes the programs 230, 25 

and controls each part of the computer 200 via the buses 210.  The programs 230 may be 

stored in the storage device 220 instead of the memory 214.  The programs 230 may be 

recorded in a non-transitory storage medium, such as a CD or a DVD, in installable file 
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format or executable file format, and may be provided to the computer 200 via the media 

input/output section 228.  The programs 230 may be provided to the computer 200 by 

downloading via the network 240 through the communication I/F section 222.   

[0034] The computer 200 is, for example, a stationary computer or a portable computer, 

and is an electronic device in arbitrary form.  The computer 200 may be a client 5 

computer, a server computer, or a cloud computer.  The computer 200 may be applied to 

apparatus other than the machine-learning apparatus 4 and the sliding-surface diagnosis 

apparatus 5. 

[0035] (Machine learning device 4) 

 FIG. 4 is a block diagram showing an example of the machine learning apparatus 10 

4 according to the first embodiment.  In the machine learning apparatus 4 shown in FIG. 

4, the subject of the learning model 6 is the first sliding mechanical element 1A, but the 

subject of the learning model 6 may be the second sliding mechanical element 1B. 

[0036] The machine-learning apparatus 4 includes a learning-data acquisition section 40, 

a learning-data memory 41, a machine-learning section 42, and a learned-model memory 15 

43.  The machine-learning apparatus 4 is constituted of, for example, the computer 200 

shown in FIG. 2.  In that case, the learning-data acquisition section 40 is constituted of 

the communication I/F section 222 or the I/O device I/F section 226.  The machine-

learning section 42 is constituted of the processor 212.  The learning-data memory 41 

and the learned-model memory 43 are constituted of the storage device 220. 20 

[0037] The learning-data acquisition section 40 is an interface unit, which is coupled to 

various external devices via the communication network 20 and is configured to acquire 

learning data including at least input data.  The external devices include, for example, 

the measuring device 3 mounted to the first sliding mechanical element 1A, the 

measuring device 3 mounted to a test device 7 simulating the first sliding mechanical 25 

element 1A, and an operator terminal 8 used by an operator.  In the case where the 

sliding-surface diagnosis apparatus 5 is coupled to the communication network 20, the 

learning-data acquisition section 40 may acquire the learning data from the measuring 
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device 3 mounted to the first sliding mechanical element 1A which is an object to be 

diagnosed by the sliding-surface diagnosis apparatus 5. 

[0038] The motor current sensor 30, the contact electric resistance measuring circuit 31, 

the AE measuring circuit 32, and the acceleration sensor 33, which constitute the 

measuring device 3, are provided in parts of the test device 7.  As shown in FIG. 4, in 5 

the case where the test device 7 is a device simulating the first sliding mechanical element 

1A, the test device 7 is configured to perform, for example, a block-on-ring type 

unidirectional sliding friction test. 

[0039] The learning-data memory 41 is a database configured to store one or plural sets 

of learning data acquired by the learning-data acquisition section 40.  Specific 10 

configurations of the database that constitutes the learning-data memory 41 may be 

appropriately designed. 

[0040] The machine-learning section 42 performs machine learning using the learning 

data stored in the learning-data memory 41.  Specifically, the machine-learning section 

42 inputs the plural sets of learning data into the learning model 6, and causes the learning 15 

model 6 to learn a correlation between the input data and diagnosis result of the sliding 

surfaces 100 and 110 included in the learning data, thereby generating the learning model 

6 as a learned model.  In this embodiment, a neural network is adopted as a specific 

method of the supervised learning performed by the machine learning section 42, which 

will be described below. 20 

[0041] The learned-model memory 43 is a database configured to store the learning 

model 6 which is a learned model generated by the machine-learning section 42.  The 

learning model 6 as a learned model stored in the learned-model memory 43 is provided 

to a real system (e.g., the sliding-surface diagnosis apparatus 5) via arbitrary 

communication network, storage medium, etc.  Although the learning-data memory 41 25 

and the learned-model memory 43 are shown as individual memories in FIG. 4, they may 

be configured as a single memory. 
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[0042] FIG. 5 is a data configuration diagram showing an example of data (supervised 

learning) used by the machine learning apparatus 4 according to the first embodiment. 

[0043] The learning data includes, as input data, at least data on the motor current value 

supplied to the motor 13 in a predetermined period, data on the contact electric resistance 

between the fixed-side sliding member 10 and the rotation-side sliding member 11 in a 5 

predetermined period, data on vibration generated in at least one of the fixed-side sliding 

member 10 and the rotation-side sliding member 11 in a predetermined period.  The 

predetermined periods for the data on the motor current value, the data on the contact 

electric resistance, and the data on the vibration as the input data are basically the same 

period, but may be periods corresponding to time difference if there is a relationship in 10 

time difference between the data.  The input data may further include data other than the 

data on the motor current value, the data on the contact electric resistance, and the data on 

the vibration.  For example, the input data may further include data on at least one of 

sound generated when the fixed-side sliding member 10 and the rotation-side sliding 

member 11 are in sliding contact, temperature of at least one of the fixed-side sliding 15 

member 10 and the rotation-side sliding member 11, lubricating pressure between the 

fixed-side sliding member 10 and the rotation-side sliding member 11, flow rate of the 

lubricant, temperature of the lubricant, and property value (color, particle-size 

distribution) of the lubricant. 

[0044] The data on the motor current value in the predetermined period includes a 20 

plurality of measured values (motor current values) measured by the motor current sensor 

30 at a plurality of measurement points of time within the predetermined period.  The 

data on the motor current value is, for example, associated with measurement times 

indicating the measurement points of time, and configured as time-series data arranged in 

chronological order according to the measurement times.  If the motor current sensor 30 25 

is configured to output continuous measured values, the learning-data acquisition section 

40 converts the measured values into data in predetermined sampling cycles.  As a result, 

the data on the motor current value in the predetermined period is composed of a plurality 
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of measured values (motor current values) at a plurality of sampling points of time within 

the predetermined period. 

[0045] The data on the contact electric resistance in the predetermined period is 

composed of a plurality of measured values (contact electric resistances) measured by the 

contact electric resistance measuring circuit 31 at a plurality of measurement points of 5 

time within the predetermined period.  The data on the contact electric resistance is, for 

example, associated with measurement times indicating the measurement points of time, 

and configured as time-series data arranged in chronological order according to the 

measurement times.  If the contact electric resistance measuring circuit 31 is configured 

to output continuous measured values, the learning-data acquisition section 40 converts 10 

the measured values into data in predetermined sampling cycles.  As a result, the data on 

the contact electric resistance in the predetermined period is composed of a plurality of 

measured values (contact electric resistances) at a plurality of sampling points of time 

within the predetermined period. 

[0046] The data on the vibration in the predetermined period includes at least one of 15 

data on the AE wave in the predetermined period and data on the acceleration generated 

in a direction perpendicular to the sliding surfaces 100 and 110 in the predetermined 

period.  In the present embodiment, the data on the vibration includes the data on the AE 

wave and the data on the acceleration.  The data on the vibration may be data other than 

the data on the AE wave and the data on the acceleration, as long as such data represents 20 

the vibration generated in at least one of the fixed-side sliding member 10 and the 

rotation-side sliding member 11. 

[0047] The data on the AE wave in the predetermined period is composed of a plurality 

of measured values (AE waves) measured by the AE measuring circuit 32 at a plurality of 

measurement points of time in the predetermined period.  The data on the AE wave is, 25 

for example, associated with measurement times indicating the measurement points of 

time, and configured as time-series data arranged in chronological order according to the 

measurement times.  If the AE measuring circuit 32 is configured to output continuous 
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measured values, the learning-data acquisition section 40 converts the measured values 

into data in predetermined sampling cycles.  As a result, the data on the AE wave in the 

predetermined period is composed of a plurality of measured values (AE waves) at a 

plurality of sampling points of time within the predetermined period. 

[0048] The data on the acceleration in the predetermined period is composed of a 5 

plurality of measured values (accelerations) measured by the acceleration sensor 33 at a 

plurality of measurement points of time within the predetermined period.  The data on 

the acceleration is, for example, associated with measurement times indicating the 

measurement points of time, and configured as time-series data arranged in chronological 

order according to the measurement times.  If the acceleration sensor 33 is configured to 10 

output continuous measured values, the learning-data acquisition section 40 converts the 

measured values into data in predetermined sampling cycles.  As a result, the data on the 

acceleration in the predetermined period is composed of a plurality of measured values 

(accelerations) at a plurality of sampling points of time within the predetermined period. 

[0049] When “supervised learning” is used as the machine learning, the learning data 15 

further includes output data associated with the input data.  The output data contains 

diagnostic information indicating that the condition of the sliding surfaces 100 and 110 in 

the predetermined period is one of a plurality of conditions.  The output data may be 

called teacher data or correct label in supervised learning. 

[0050] The diagnostic information includes at least one of diagnostic information on 20 

wear of the sliding surfaces 100 and 110, diagnostic information on burned state of the 

sliding surfaces 100 and 110, and diagnostic information on contamination of the 

lubricant. 

[0051] When the presence or absence of abnormality is diagnosed as the condition of 

the sliding surfaces 100 and 110, the diagnostic information is configured as information 25 

indicating whether the condition of the sliding surfaces 100 and 110 are normal or 

abnormal.  In this case, the diagnostic information is classified into two values.  For 

example, a value indicating that the sliding surfaces 100 and 110 are in a normal 
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condition is defined as “0”, and a value indicating that the sliding surfaces 100 and 110 

are in an abnormal condition is defined as “1”.  In the present embodiment, the 

diagnostic information will be described as indicating either normality or abnormality. 

[0052] Therefore, as shown in FIG. 5, the learning data according to the present 

embodiment includes the input data containing the data on the motor current value, the 5 

data on the contact electric resistance, the data on the AE wave, and the data on the 

acceleration, and further includes the output data containing the diagnostic information 

indicating either normality or abnormality.  In this learning data, the input data is 

associated with the output data.  Examples of the abnormality include not only post-

abnormality that has occurred at a time of diagnosis, but also sign of abnormality which 10 

may occur in the future although it is judged to be normal within a permissible range at 

the time of diagnosis. 

[0053] The information representing the abnormality among the diagnostic information 

includes, for example, a plurality of abnormalities corresponding to specific contents or 

degrees of the abnormality so as to correspond to abnormality 1 / abnormality 2 / .../ 15 

abnormality n shown in FIG. 5. 

[0054] The specific contents of the abnormality include, for example, abnormality 

related to wear, abnormality related to burned state, and abnormality related to 

contamination of the lubricant.  In this case, the diagnostic information is classified into 

multiple values (integers of 3 or more).  For example, a value indicating that the sliding 20 

surfaces 100 and 110 are in a normal condition is defined as “0”, a value indicating that 

there is an abnormality related to wear is defined as “1”, and a value indicating that there 

is an abnormality related to burned state is defined as “2”.  Similarly, a value may be 

defined according to content of each abnormality. 

[0055] The specific degrees of the abnormality include, for example, wear-related 25 

anomalies whose degrees of wear are represented by a plurality of levels.  In this case, 

the diagnostic information is classified into multiple values (integers of 3 or more).  For 

example, a value indicating that the sliding surfaces 100 and 110 are in a normal 
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condition is defined as “0”, a value indicating that there is an abnormality related to a low 

level in degree of wear is defined as “1”, and a value indicating that there is an 

abnormality related to an intermediate level in degree of wear is defined as “2”.  

Similarly, a value may be defined according to degree of each abnormality. 

[0056] The correlation between the input data (the data on the motor current value, the 5 

data on the contact electric resistance, the data on the AE wave, and the data on the 

acceleration in the predetermined period) included in the learning data and the diagnostic 

information of the sliding surfaces 100 and 110 will be described below.   

[0057] The motor current value is supplied from a motor control circuit 14 to the motor 

13 when the motor 13 is rotated at a predetermined rotational speed, and therefore the 10 

motor current value changes depending on the condition of the sliding surfaces 100 and 

110.  For example, when coefficients of friction of the sliding surfaces 100 and 110 are 

high, the motor current value increases.  Therefore, the data on the motor current value 

indirectly represents the frictional resistance of the sliding surfaces 100 and 110 and is 

mainly used to monitor the frictional resistance of the sliding surfaces 100 and 110.  The 15 

contact electric resistance changes continuously depending on whether the fixed-side 

sliding member 10 and the rotation-side sliding member 11 are in an insulated state or in 

a contact state.  Therefore, the data on the contact electric resistance is mainly used to 

monitor the lubricating state of the lubricant on the sliding surfaces 100 and 110. 

[0058] In addition, if the lubricant is contaminated due to foreign matter mixed therein 20 

or due to an increase in wear particles as a result of wear of the sliding surfaces 100 and 

110, the sliding surfaces 100 and 110 may suddenly vibrate, and such vibration is 

measured as changes in the acceleration and the AE wave.  When the sliding surfaces 

100 and 110 are damaged as a result of being burned, such damage is measured as the AE 

wave.  Therefore, the data on the acceleration and the data on the AE wave are mainly 25 

used to monitor the contamination state of the lubricant on the sliding surfaces 100 and 

110 and the burned state of the sliding surfaces 100 and 110. 
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[0059] The main monitoring application of each of the data on the motor current value, 

the data on the contact electric resistance, the data on the AE wave, and the data on the 

acceleration has been discussed above.  On the other hand, the condition of the sliding 

surfaces 100 and 110 may change intricately under various influences, such as usage 

environment, usage conditions, or maintenance state of the sliding surfaces 100 and 110.  5 

It may be difficult to properly diagnose the condition of the sliding surfaces 100 and 110 

when changing in such a complicated manner by just monitoring each data individually, 

and conventionally it largely relied on an experience of an operator.  Thus, the learning 

data includes, as the input data, the data on the motor current value, the data on the 

contact electric resistance, the data on the AE wave, and the data on the acceleration in a 10 

predetermined period of time.  The learning data including such various data makes it 

possible to accurately diagnose the condition of the sliding surfaces 100 and 110 even 

when the condition of the sliding surfaces 100 and 110 change intricately under various 

influences as described above. 

[0060] The learning-data acquisition section 40 obtains the above-described learning 15 

data as follows.  The learning-data acquisition section 40 obtains the input data from the 

measuring device 3.  The input data obtained includes the data on the motor current 

value, the data on the contact electric resistance, the data on the AE wave, and the data on 

the acceleration in a predetermined period measured by the measuring device 3 provided 

in the first sliding mechanical element 1A or the test device 7.  In addition, an operator 20 

diagnoses the condition of the sliding surfaces 100 and 110 in the predetermined period in 

which the input data is measured by the measuring device 3, and inputs the diagnosis 

result (for example, normal or abnormal) to the operator terminal 8.  The learning-data 

acquisition section 40 acquires, from the operator terminal 8, diagnostic information 

containing the diagnostic result as the output data (teacher data).  Then, the learning-data 25 

acquisition section 40 produces one learning data by associating the input data with the 

output data, and stores the one learning data in the learning-data memory 41. 
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[0061] FIG. 6 is a schematic diagram showing an example of a neural network model 

used in the machine learning apparatus 4 according to the first embodiment. 

[0062] The learning model 6 is constructed as a neural network model shown in FIG. 6.  

The neural network model includes l number of neurons (x1 to xl) in an input layer, m 

number of neurons (y11 to y1m) in a first intermediate layer, and n number of neurons 5 

(y21 to y2n) in a second intermediate layer, and o number of neurons (z1 to zo) in an 

output layer. 

[0063] Each neuron in the input layer is associated with each data of the input data 

included in the learning data.  Each neuron in the output layer is associated with each 

data of the output data included in the learning data.  The input data before being input 10 

to the input layer may be subjected to predetermined preprocessing, and the output data 

that has been output from the output layer may be subjected to predetermined 

postprocessing. 

[0064] The first intermediate layer and the second intermediate layer may be called 

hidden layers.  The neural network may further include a plurality of hidden layers in 15 

addition to the first intermediate layer and the second intermediate layer, or may include 

only the first intermediate layer as a hidden layer.  Synapses connecting the neurons of 

the layers extend between the input layer and the first intermediate layer, between the first 

intermediate layer and the second intermediate layer, and between the second 

intermediate layer and the output layer.  Each synapse is associated with a weight wi (i is 20 

a natural number). 

[0065] The neural network model uses the learning data to input the input data included 

in the learning data to the input layer, output the output data as an inference result from 

the output layer, and compare the output data as the inference result with the output data 

(teaching data) included in the learning data to learn a correlation between the input data 25 

and the output data. 

[0066] Specifically, each input data included in the learning data is input to each neuron 

of the input layer.  A value of each neuron in the output layer is determined by 
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calculating the sum of a sequence of the products of values of input-side neurons coupled 

to the neuron of the output layer and the weights wi associated with the synapses 

connecting output-side neurons and the input-side neurons.  The calculation is 

performed for all neurons other than the input layer.  

[0067] The values (z1 to zo) output to the respective neurons in the output layer as the 5 

inference result are compared with values (t1 to to) of the teacher data corresponding to 

the output data included in the learning data, so that an error is determined.  A process 

(backpropagation) is performed to adjust the weight wi associated with each synapse so as 

to reduce the error. 

[0068] When a predetermined learning end condition is satisfied (e.g., when the above 10 

series of processes are repeated predetermined times, or when the error is smaller than an 

allowable value), the machine learning is terminated, and the learned neural network 

model (all weights wi associated with the synapses) is generated. 

[0069] (Machine learning method) 

 FIG. 7 is a flowchart showing an example of the machine learning method 15 

performed by the machine learning apparatus 4 according to the first embodiment.  The 

machine learning method corresponds to the learning phase in FIG. 5. 

[0070] First, in step S100, the learning-data acquisition section 40 prepares a desired 

number of learning data as a preliminary preparation for starting the machine learning, 

and stores the prepared learning data in the learning-data memory 41.  The number of 20 

learning data to be prepared may be set in consideration of the inference accuracy 

required for the finally obtained learning model 6.

[0071] Several methods can be adopted as methods of preparing the learning data.  For 

example, when an abnormality has occurred in the sliding surfaces 100 and 110 of the 

specific first sliding mechanical element 1A or the test device 7, or when an operator 25 

recognized a sign of abnormality, various types of measured values are obtained using the 

measuring device 3 during a period of time before and after such phenomena has occurred, 

and the operator inputs, using the operator terminal 8, a diagnosis result associated with 
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the measured values, so that the input data and the output data (for example, the value of 

the output data in this case is “1") constituting the learning data are prepared.  Such 

operations are repeated, so that plural sets of learning data can be prepared.  In another 

method, for example, the learning data may be acquired by intentionally causing an 

abnormal state in the sliding surfaces 100 and 110 of the first sliding mechanical element 5 

1A or the test device 7.  Furthermore, the learning data include not only input data and 

output data obtained when an abnormality has occurred, but also input data and output 

data obtained when no abnormality has occurred.  Specifically, plural sets of learning 

data including input data and output data (for example, the value of the output data in this 

case is “0") obtained when the sliding surfaces 100 and 110 of the first sliding mechanical 10 

element 1A or the test device 7 are in a normal condition are prepared. 

[0072] Next, in step S110, the machine learning section 42 prepares the learning model 

6 which has not learned yet so as to start the machine learning.  The learning model 6 

prepared before learning is composed of the neural network model illustrated in FIG. 6, 

and the weight of each synapse is set to an initial value.  The neurons in the input layer 15 

are associated with the data on the motor current value, the data on the contact electric 

resistance, the data on the AE wave, and the data on the acceleration as the input data 

included in the learning data.  The neurons in the output layer are associated with the 

diagnostic information as the output data included in the learning data. 

[0073] Next, in step S120, the machine learning section 42 acquires one learning data 20 

from the plural sets of learning data stored in the learning-data memory 41.  For example, 

the machine learning section 42 may randomly acquire one learning data. 

[0074] Next, in step S130, the machine learning section 42 inputs the input data 

included in the one learning data to the input layer of the prepared learning model 6 

which has not learned yet (or in the process of learning).  As a result, output data is 25 

output as an inference result from the output layer of the learning model 6.  However, 

this output data is generated by the learning model 6 which has not learned yet (or in the 

process of learning).  Therefore, the output data as the inference result output from the 
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learning model 6 indicates information different from the output data (teacher data) 

included in the learning data. 

[0075] Next, in step S140, the machine learning section 42 compares the output data 

(teacher data) included in the one learning data acquired in the step S120 with the output 

data as the inference result output from the output layer in the step S130, and adjusts the 5 

weight of each synapse to perform the machine learning.  In this way, the machine 

learning section 42 causes the learning model 6 to learn the correlation between the input 

data and the output data (diagnostic information of the sliding surfaces 100 and 110). 

[0076] For example, the diagnostic information that constitutes the teacher data is 

defined as binary classification in which a normal condition is represented by “0” and an 10 

abnormal condition is represented by “1”.  In that case, the value of the output data 

included in the one learning data selected in the step S120 is “1”, while the value of the 

output data output from the output layer may be a predetermined value between 0 and 1, 

such as “0.63”.  In this case, in the step S140, the weight associated with each synapse of 

the learning model 6 in the process of learning is adjusted such that, when similar input 15 

data is input to the input layer of the learning model 6 in the process of learning, the value 

output from the output layer approaches “1”.  

[0077] Next, in step S150, the machine learning section 42 determines whether or not it 

is necessary to continue the machine learning based on, for example, an error between the 

output data and the teacher data, or the remaining number of learning data which have not 20 

yet been used for learning stored in the learning-data memory 41.  

[0078] In step S150, if the machine learning section 42 determines to continue the 

machine learning (No in the step S150), the process is returned to the step S120, and the 

steps S120 to S140 are performed multiple times on the learning model 6 in the process of 

learning with use of the learning data which have not yet been used for learning.  On the 25 

other hand, if the machine learning section 42 determines to terminate the machine 

learning in the step S150 (Yes in the step S150), the process proceeds to step S160. 
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[0079] Then, in step S160, the machine learning section 42 stores, in the learned-model 

memory 43, the learning model 6 as a learned model generated by adjusting the weights 

associated with the respective synapses, and terminates the machine learning method 

shown in FIG. 7.  In the machine learning method, the step S100 corresponds to a 

learning-data storing process, the steps S110 to S150 correspond to a machine learning 5 

process, and the step S160 corresponds to a learned-model storing process. 

[0080] As described above, the machine learning apparatus 4 and the machine learning 

method according to the present embodiment can provide the learning model 6 capable of 

inferring (estimating) diagnostic information of the sliding surfaces 100 and 110 with 

high accuracy based on the data on the motor current value, the data on the contact 10 

electric resistance, and the data on the vibration (AE wave and acceleration in this 

embodiment). 

[0081] (Sliding surface diagnosis device 5) 

 FIG. 8 is a block diagram showing an example of the sliding-surface diagnosis 

apparatus 5 according to the first embodiment.  In the sliding-surface diagnosis 15 

apparatus 5 shown in FIG. 8, the subject of the learning model 6 is the first sliding 

mechanical element 1A, but the subject of the learning model 6 may be the second sliding 

mechanical element 1B. 

[0082] The sliding-surface diagnosis apparatus 5 includes an input-data acquisition 

section 50, an inference section 51, a learned-model memory 52, and an output processing 20 

section 53.  The sliding-surface diagnosis apparatus 5 is composed of, for example, the 

computer 200 shown in FIG. 3.  In that case, the input-data acquisition section 50 is 

constituted of the communication I/F section 222 or the I/O device I/F section 226, the 

inference section 51 and the output processing section 53 are constituted of the processor 

212, and the learned-model memory 52 is constituted of the storage device 220.  The 25 

sliding-surface diagnosis apparatus 5 may be incorporated in the motor control device 14, 

or may be incorporated in a management device superior to the motor control device 14 



25 

(for example, a controller for a machine facility, a facility management system that 

manages a plurality of machine facilities, etc.). 

[0083] The input-data acquisition section 50 is coupled to the measuring device 3 (the 

motor current sensor 30, the contact electric resistance measuring circuit 31, the AE 

measuring circuit 32, and the acceleration sensor 33) mounted to the first sliding 5 

mechanical element 1A.  The input-data acquisition section 50 is an interface unit that 

acquires the input data (the data on the motor current value, the data on the contact 

electric resistance, the data on the AE wave, and the data on the acceleration in a 

predetermined period) based on measured values measured by the measuring device 3. 

[0084] The inference section 51 inputs the input data acquired by the input-data 10 

acquisition section 50 to the learning model 6 and performs inference processing for 

inferring diagnostic information of the sliding surfaces 100 and 110.  The inference 

processing uses the learning model 6 which is a learned model that has been subjected to 

the supervised learning performed by the machine learning apparatus 4 and the machine 

learning method. 15 

[0085] The inference section 51 not only performs the inference processing using the 

learning model 6, but also includes a preprocessing function (preprocessing for the 

inference processing) that adjusts the input data acquired by the input-data acquisition 

section 50 to a desired format, etc. and inputs the input data to the learning model 6, and a 

post-processing function (post-processing for the inference processing) that applies a 20 

predetermined logical formula or calculation formula to the value of the output data 

output from the learning model 6 to finally determine the condition of the sliding surfaces 

100 and 110.  The inference result of the inference section 51 is preferably stored in the 

learned-model memory 52 or other storage device (not shown).  Past inference results 

can be used as learning data for online learning or re-learning, for example, to further 25 

improve the inference accuracy of the learning model 6. 

[0086] The learned-model memory 52 is a database that stores the learning model 6 as a 

learned model to be used in the inference processing of the inference section 51.  The 
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number of learning model 6 stored in the learned-model memory 52 is not limited to one.  

For example, a plurality of learning model models 6 for different numbers of input data or 

a plurality of learning model models 6 generated by different machine learning methods 

may be stored and selectively used. 

[0087] The output processing section 53 performs output processing for outputting the 5 

inference result of the inference section 51, i.e., the diagnostic information of the sliding 

surfaces 100 and 110.  Various means can be adopted as specific output means.  The 

output processing section 53 may, for example, inform an operator of the diagnostic 

information by display or sound, or transmit the diagnostic information as a diagnostic 

history of the first sliding mechanical element 1A to the motor control device 14 or a 10 

management device (not shown) superior to the motor control device 14, so that the 

diagnostic information can be stored in a memory of the motor control device 14 or a 

memory of the management device for the motor control unit 14, or can be used for drive 

control of the motor 13. 

[0088] (Sliding-surface diagnosis method) 15 

 FIG. 9 is a flow chart showing an example of the sliding-surface diagnosis 

method performed by the sliding-surface diagnosis apparatus 5 according to the first 

embodiment.  In FIG. 9, the diagnostic information of the sliding surfaces 100 and 110, 

which will be described below, is defined as binary classification representing either 

normal “0” or abnormal “1”.  The sliding-surface diagnosis method corresponds to the 20 

inference phase in FIG. 5. 

[0089] The current is supplied from the motor control device 14 to the motor 13, and the 

motor 13 is rotated, so that the rotation-side sliding member 11 of the first sliding 

mechanical element 1A is rotated.  At this time, a series of the sliding-surface diagnosis 

method shown in FIG. 9 is executed by the sliding-surface diagnosis apparatus 5 at a 25 

predetermined diagnosis timing.  The diagnostic timing may be, for example, 

predetermined time intervals, or a time when a predetermined event occurs (at the time of 

an operator’s operation instruction, at the time of maintenance operation, etc.). 
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[0090] First, in step S200, the input-data acquisition section 50 acquires the input data 

based on the measured values measured by the measuring device 3 (the motor current 

sensor 30, the contact electric resistance measuring circuit 31, the AE measuring circuit 

32, and the acceleration sensor 33).  The input data obtained include the data on the 

motor current value, the data on the contact electric resistance, the data on the AE wave, 5 

and the data on the acceleration in a predetermined period.  At this time, the input data is 

required to include measured values measured by the measuring device 3 for the same 

period as the predetermined period or a longer period than the predetermined period. 

[0091] Next, in step S210, the inference section 51 preprocesses the input data, inputs 

the input data to the input layer of the learning model 6, and obtains the output data 10 

output from the output layer of the learning model 6. 

[0092] Next, in step S220, the inference section 51 performs post-processing of the 

supervised learning.  For example, the inference section 51 compares a value (a 

numerical number between 0 and 1) of the output data with a predetermined threshold 

value, and if the value of the output data is less than the predetermined threshold value, 15 

the diagnostic information is determined to be “normal”, and if the value of the output 

data is equal to or larger than the predetermined threshold value, the diagnostic 

information is determined to be “abnormal”.  The inference section 51 outputs the result 

of the determination as the inference result.  

[0093] Next, in step S230, the output processing section 53 determines whether the 20 

diagnosis information of the sliding surfaces 100 and 110, which is the inference result of 

the inference section 51, indicates “normal” or “abnormal”.  If the output processing 

section 53 determines “normal”, the process proceeds to step S240.  If the output 

processing section 53 determines “abnormal”, the process proceeds to step S250. 

[0094] Then, in step S240, the output processing section 53 outputs information 25 

indicating “normal”.  The step S240 may be omitted.

[0095] In step S250, the output processing section 53 outputs information indicating 

“abnormal”, and a series of the sliding-surface diagnosis method shown in FIG. 9 is 
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terminated.  In the sliding-surface diagnosis method, the step S200 corresponds to an 

input-data acquisition process, the steps S210 to S220 correspond to an inference process, 

and the steps S230 to S250 correspond to an output processing process. 

[0096] As described above, according to the sliding-surface diagnosis apparatus 5 and 

the sliding-surface diagnosis method of the present embodiment, the condition of the 5 

sliding surfaces 100 and 110 can be diagnosed with high accuracy without depending on 

an experience of an operator. 

[0097] (Second embodiment) 

 In the first embodiment, “supervised learning” is used as the machine learning 

method.  In second embodiment which will be discussed below, “unsupervised learning” 10 

is used.  The basic configurations and operations of the measuring device 3, the machine 

learning apparatus 4, and the sliding-surface diagnosis apparatus 5 that constitute the 

sliding mechanical elements 1A and 1B and the sliding-surface diagnosis system 2 in the 

second embodiment are the same as those of the first embodiment.  Therefore, 

differences from the first embodiment will be mainly described below. 15 

[0098] (Machine learning device 4) 

 As well as the first embodiment (see FIG. 4), the machine learning apparatus 4 

includes learning-data acquisition section 40, learning-data memory 41, machine learning 

section 42, and learned-model memory 43. 

[0099] FIG. 10 is a data configuration diagram showing an example of data 20 

(unsupervised learning) used in the machine learning apparatus 4 according to the second 

embodiment. 

[0100] When “unsupervised learning” is used as the machine learning, learning data 

includes only input data obtained in a predetermined period when the diagnostic 

information indicates that the condition of sliding surfaces 100 and 110 is a 25 

predetermined condition.  Specifically, the learning data may not include output data, 

and presence or absence of output data and a format of the output data can be 
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appropriately selected according to the machine learning method employed in the 

machine learning apparatus 4. 

[0101] When the presence or absence of abnormality is diagnosed as the condition of 

the sliding surfaces 100 and 110, the diagnostic information is configured as information 

indicating whether the condition of the sliding surfaces 100 and 110 is normal or 5 

abnormal.  In this case, as shown in FIG. 10, the learning data according to the present 

embodiment is composed only of the input data including data on the motor current value, 

data on the contact electric resistance, data on the AE wave, and data on the acceleration 

in a predetermined period when the condition of the sliding surfaces 100 and 110 is 

normal. 10 

[0102] The learning-data acquisition section 40 obtains the above-described learning 

data as follows.  The learning-data acquisition section 40 obtains the input data from the 

measuring device 3.  The input data obtained includes the data on the motor current 

value, the data on the contact electric resistance, the data on the AE wave, and the data on 

the acceleration in a predetermined period measured by the measuring device 3 provided 15 

in the first sliding mechanical element 1A or the test device 7.  In addition, an operator 

diagnoses the condition of the sliding surfaces 100 and 110 in the predetermined period in 

which the input data is measured by the measuring device 3, and inputs to the operator 

terminal 8 the diagnosis result indicating that the sliding surfaces 100 and 110 are in a 

normal condition.  Then, the learning-data acquisition section 40 produces one learning 20 

data composed of only the input data, and stores the learning data in the learning-data 

memory 41. 

[0103] The machine-learning section 42 inputs one or plural sets of learning data into 

the learning model 6, and causes the learning model 6 to learn a correlation between the 

input data and diagnosis result indicating that the sliding surfaces 100 and 110 are in a 25 

normal condition included in the learning data, thereby generating the learning model 6 as 

a learned model.  In this embodiment, an autoencoder is adopted as a specific method of 
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the unsupervised learning performed by the machine learning section 42, which will be 

described below. 

[0104] FIG. 11 is a schematic diagram showing an example of an autoencoder model 

used in the machine learning apparatus 4 according to the second embodiment. 

[0105] The learning model 6 is configured as an autoencoder model shown in FIG. 10.  5 

The autoencoder model includes l number of neurons (x1 to xl) in an input layer, m 

number of neurons (y1 to ym) in an intermediate layer, and o number of neurons (z1 to 

zo) in an output layer.  The number of neurons in the input layer and the number of 

neurons in the output layer are the same, and are greater than the number of neurons in 

the intermediate layer. 10 

[0106] Each neuron in the input layer is associated with each data of the input data 

included in the learning data.  The intermediate layer may be called a hidden layer, and 

the autoencoder model may have multiple hidden layers.  Synapses connecting the 

neurons of the layers extend between the input layer and the intermediate layer, and 

between the intermediate layer and the output layer.  The synapses are associated with 15 

weights wi (i is a natural number). 

[0107] The autoencoder model uses the learning data to input the input data included in 

the learning data to the input layer, output the output data as an inference result from the 

output layer, compare the output data as the inference result with the input data included 

in the learning data, and adjust the weights wi to thereby learn a pattern and a trend of the 20 

input data. 

[0108] When a predetermined learning end condition is satisfied (e.g., when the above 

series of processes are repeated predetermined times, or when the error is smaller than an 

allowable value), the machine learning is terminated, and the learned autoencoder model 

(all weights wi associated with the synapses) is generated. 25 

[0109] (Machine learning method) 

 FIG. 12 is a flowchart showing an example of a machine learning method 

performed by the machine learning apparatus 4 according to the second embodiment. 
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[0110] First, in step S300, the learning-data acquisition section 40 prepares a desired 

number of learning data as a preliminary preparation for starting the machine learning, 

and stores the prepared learning data in the learning-data memory 41. 

[0111] Several methods can be adopted as methods of preparing the earning data.  For 

example, various types of measured values are obtained using the measuring device 3 in a 5 

predetermined period when the sliding surfaces 100 and 110 of the specific sliding 

mechanical elements 1A and 1B or the test device 7 are in a normal condition, so that the 

input data that constitutes the learning data is prepared.  Such operations are repeated, so 

that plural sets of learning data can be prepared.   

[0112] Next, in step S310, the machine learning section 42 prepares the learning model 10 

6 which has not learned yet so as to start the machine learning.  The learning model 6 

prepared before learning is composed of the autoencoder model illustrated in FIG. 11, and 

the weight of each synapse is set to an initial value.  The neurons in the input layer are 

associated with the data on the motor current value, the data on the contact electric 

resistance, the data on the AE wave, and the data on the acceleration as the input data 15 

included in the learning data. 

[0113] Next, in step S320, the machine learning section 42 acquires one learning data 

from the plural sets of learning data stored in the learning-data memory 41.  For example, 

the machine learning section 42 may randomly acquire one learning data. 

[0114] Next, in step S330, the machine learning section 42 inputs the input data 20 

included in the one learning data to the input layer of the prepared learning model 6 

which has not learned yet (or in the process of learning).  As a result, output data is 

output as an inference result from the output layer of the learning model 6.  However, 

this output data is generated by the learning model 6 which has not learned yet (or in the 

process of learning).  Therefore, the output data as the inference result output from the 25 

learning model 6 indicates information different from the input data included in the 

learning data. 
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[0115] Next, in step S340, the machine learning section 42 compares the input data 

included in the one learning data acquired in the step S320 with the output data as the 

inference result output from the output layer in the step S330, and adjusts the weight of 

each synapse to perform the machine learning. 

[0116] Next, in step S350, the machine learning section 42 determines whether or not it 5 

is necessary to continue the machine learning.  As a result, if the machine learning 

section 42 determines to continue the machine learning (No in step S350), the process is 

returned to the step S320, and the steps S320 to S340 are performed on the learning 

model 6 in the process of learning.  If the machine learning section 42 determines to end 

the machine learning (Yes in step S350), the process proceeds to step S360. 10 

[0117] Then, in step S360, the machine learning section 42 stores, in the learned-model 

memory 43, the learning model 6 as a learned model generated by adjusting the weights 

associated with the respective synapses, and terminates the machine learning method 

shown in FIG. 12.  In the machine learning method, the step S300 corresponds to a 

learning-data storing process, the steps S310 to S350 correspond to a machine learning 15 

process, and the step S360 corresponds to a learned-model storing process. 

[0118] As described above, the machine learning apparatus 4 and the machine learning 

method according to the present embodiment can provide the learning model 6 capable of 

inferring (estimating) diagnostic information of the sliding surfaces 100 and 110 with 

high accuracy based on the data on the motor current value, the data on the contact 20 

electric resistance, and the data on the vibration (AE wave and acceleration in this 

embodiment). 

[0119] (Sliding-surface diagnosis apparatus 5) 

 As well as the first embodiment (see FIG. 8), the sliding-surface diagnosis 

apparatus 5 includes input-data acquisition section 50, inference section 51, learned-25 

model memory 52, and output processing section 53. 

[0120] The inference section 51 inputs the input data acquired by the input-data 

acquisition section 50 to the learning model 6 and performs inference processing of 
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inferring diagnostic information of the sliding surfaces 100 and 110.  The inference 

processing uses the learning model 6 which is a learned model that has been subjected to 

the unsupervised learning performed by the machine learning apparatus 4 and the 

machine learning method. 

[0121] (Sliding-surface diagnosis method) 5 

 FIG. 13 is a flow chart showing an example of the sliding-surface diagnosis 

method performed by the sliding-surface diagnosis apparatus 5 according to the second 

embodiment.  In FIG. 13, the diagnostic information of the sliding surfaces 100 and 110, 

which will be described below, is defined as binary classification representing either 

normal or abnormal. 10 

[0122] First, in step S400, the input-data acquisition section 50 acquires the input data 

based on the measured values measured by the measuring device 3 (the motor current 

sensor 30, the contact electric resistance measuring circuit 31, the AE measuring circuit 

32, and the acceleration sensor 33).  The input data obtained include the data on the 

motor current value, the data on the contact electric resistance, the data on the AE wave, 15 

and the data on the acceleration in a predetermined period. 

[0123] Next, in step S410, the inference section 51 preprocesses the input data, inputs 

the input data to the input layer of the learning model 6, and obtains the output data 

output from the output layer of the learning model 6. 

[0124] Next, in step S420, the inference section 51 performs post-processing of the 20 

unsupervised learning.  For example, the inference section 51 determines a difference 

between a feature based on the input data and a feature based on the output data.  The 

feature is, for example, parameter(s) expressed as a feature vector in a multidimensional 

space, and the difference is expressed as a distance between feature vectors.  The 

inference section 51 determines that the diagnostic information is “normal” if the 25 

difference is less than a predetermined threshold value, and determines that the diagnostic 

information is “abnormal” if the difference is larger than or equal to the predetermined 
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threshold value.  The inference section 51 outputs the result of the determination as the 

inference result. 

[0125] Next, in step S430, the output processing section 53 determines whether the 

diagnosis information of the sliding surfaces 100 and 110, which is the inference result of 

the inference section 51, indicates “normal” or “abnormal”.  If the output processing 5 

section 53 determines “normal”, the process proceeds to step S440.  If the output 

processing section 53 determines “abnormal”, the process proceeds to step S450 (which 

may be omitted), and a series of the sliding-surface diagnosis method shown in FIG. 13 is 

terminated.  In the sliding-surface diagnosis method, the step S400 corresponds to an 

input-data acquisition process, the steps S410 to S420 correspond to an inference process, 10 

and the steps S430 to S450 correspond to an output processing process. 

[0126] As described above, according to the sliding-surface diagnosis apparatus 5 and 

the sliding-surface diagnosis method of the present embodiment, the condition of the 

sliding surfaces 100 and 110 can be diagnosed with high accuracy without depending on 

an experience of an operator. 15 

[0127] (Other embodiments) 

 The present invention is not limited to the above-described embodiments, and 

various modifications can be made without departing from the scope of the present 

invention.  All of them are included in the technical concept of the present invention. 

[0128] In the above embodiments, the neural network (first embodiment) and the 20 

autoencoder (second embodiment) are employed as specific techniques, respectively, of 

the machine learning performed by the machine learning section 42, while the machine 

learning section 42 may employ any other machine learning technique.  Examples of 

other machine learning technique include tree type (e.g., decision tree, regression tree), 

ensemble learning (e.g., bagging, boosting), neural network type including deep learning 25 

(e.g., recurrent neural network, convolutional neural network), clustering type (e.g., 

hierarchical clustering, non-hierarchical clustering, k-nearest neighbors algorithm, k-
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means method), multivariate analysis (e.g., principal component analysis, factor analysis, 

logistic regression), and support vector machine. 

[0129] The present invention can also be provided in the form of program (machine 

learning program) 230 for causing the computer 200 shown in FIG. 3 to execute the 

processes included in the machine learning method according to the above embodiments.  5 

The present invention can also be provided in the form of program (sliding-surface 

diagnosis program) 230 for causing the computer 200 shown in FIG. 3 to execute the 

processes included in the sliding-surface diagnosis method according to the above 

embodiments. 

[0130] (Inference apparatus, inference method and inference program) 10 

 The present invention is not limited to the aspect of the sliding-surface diagnosis 

apparatus 5 (sliding-surface diagnosis method or sliding-surface diagnosis program) 

according to the above-described embodiments, and can also be provided in the form of 

inference apparatus (inference method or inference program) for use in diagnosing a 

condition of a sliding surface.  In that case, the inference apparatus (inference method or 15 

inference program) may include a memory and a processor, and the processor may 

perform a series of processes.  The series of processes includes an input-data acquisition 

processing (input-data acquisition process) of acquiring input data including data on the 

motor current value in a predetermined period, data on the contact electric resistance in a 

predetermined period, and data on the vibration (at least one of AE wave and 20 

acceleration) in a predetermined period, and further includes an inference processing 

(inference process) of inferring diagnostic information of the sliding surface when the 

input data is acquired in the input-data acquisition processing. 

[0131] The aspect of the inference apparatus (inference method or inference program) 

can be applied to various devices more easily than when the sliding-surface diagnosis 25 

apparatus 5 is implemented.  It is readily understood by a person skilled in the art that 

the inference method performed by the inference section 51 of the sliding-surface 

diagnosis apparatus 5 may be applied with use of the learning model 6, which has been 
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learned, generated by the machine-learning apparatus 4 and the machine learning method 

according to the above embodiments when the inference apparatus (inference method or 

inference program) infers the condition of the sliding surface. 

Industrial Applicability 

[0132] The present invention is applicable to a machine learning apparatus, a sliding-5 

surface diagnosis apparatus, an inference apparatus, a machine learning method, a 

machine learning program, a sliding-surface diagnosis method, a sliding-surface diagnosis 

program, an inference method, and an inference program. 

Reference Signs List 

[0133] 10 

1A   first sliding mechanical element 

1B   second sliding mechanical element 

2    sliding-surface diagnosis system 

3    measuring device 

4    machine learning apparatus 15 

5    sliding-surface diagnosis apparatus 

6    learning model 

10   fixed-side sliding member 

11   rotation-side sliding member 

12   rotation shaft 20 

13   motor 

14   motor control circuit 

15   biasing member 

30   motor current sensor 

31   contact electric resistance measuring circuit 25 

32   AE measuring circuit 

33   acceleration sensor 

40   learning-data acquisition section 
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41   learning-data memory 

42   machine-learning section 

43   model memory 

50   input-data acquisition section 

51   inference section 5 

52   model memory 

53   output processing section 

100  fixed-side sliding surface 

110  rotation-side sliding surface 

200  computer 10 
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CLAIMS 

[Claim 1] A machine learning apparatus for generating a learning model to be 

used in a sliding-surface diagnosis apparatus for diagnosing a condition of sliding 

surfaces of a fixed-side sliding member and a rotation-side sliding member, comprising:  

 a learning-data memory configured to store one or plural sets of learning data 5 

including input data containing at least data on motor current value in a predetermined 

period supplied to a motor which is a driving source for the rotation-side sliding member, 

data on contact electric resistance between the fixed-side sliding member and the rotation-

side sliding member in the predetermined period, and data on vibration generated in at 

least one of the fixed-side sliding member and the rotation-side sliding member in the 10 

predetermined period;  

 a machine learning section configured to input the one or plural sets of learning 

data to the learning model to cause the learning model to learn a correlation between the 

input data and diagnostic information of the sliding surfaces; and  

 a learned-model memory configured to store the learning model that has learned 15 

by the machine learning section. 

[Claim 2] The machine learning apparatus according to claim 1, wherein the 

learning data further includes output data containing the diagnostic information associated 

with the input data, the diagnostic information indicating that the condition of the sliding 20 

surfaces in the predetermined period is one of a plurality of conditions, and  

 the machine learning section is configured to perform supervised learning to 

cause the learning model to learn the correlation between the input data and the output 

data.  

25 

[Claim 3] The machine learning apparatus according to claim 1, wherein the 

learning data includes only the input data in the predetermined period when the diagnostic 

information indicates that the condition of the sliding surfaces is a predetermined 
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condition, and  

 the machine learning section is configured to perform unsupervised learning to 

cause the learning model to learn the correlation between the input data and the diagnostic 

information indicating that the condition of the sliding surfaces is the predetermined 

condition. 5 

[Claim 4] The machine learning apparatus according to any one of claims 1 to 3, 

wherein the data on vibration contained in the input data includes at least one of data on 

acoustic emission wave and data on acceleration occurring in a direction perpendicular to 

the sliding surfaces. 10 

[Claim 5] The machine learning apparatus according to any one of claims 1 to 4, 

wherein the diagnostic information includes at least one of diagnostic information on 

wear of the sliding surfaces, diagnostic information on burned state of the sliding 

surfaces, and diagnostic information on contamination of a lubricant for lubricating the 15 

sliding surfaces. 

[Claim 6] A sliding-surface diagnosis apparatus for diagnosing a condition of 

sliding surfaces of a fixed-side sliding member and a rotation-side sliding member using a 

learning model generated by the machine learning apparatus according to any one of 20 

claims 1 to 5, comprising:  

 an input-data acquisition section configured to acquire input data containing data 

on motor current value in a predetermined period supplied to a motor which is a driving 

source for the rotation-side sliding member, data on contact electric resistance between 

the fixed-side sliding member and the rotation-side sliding member in the predetermined 25 

period, and data on vibration generated in at least one of the fixed-side sliding member 

and the rotation-side sliding member in the predetermined period; and  

 an inference section configured to input the input data acquired by the input-data 
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acquisition section into the learning model and infer diagnostic information of the sliding 

surfaces. 

[Claim 7] An inference apparatus for use in diagnosing a condition of sliding 

surfaces of a fixed-side sliding member and a rotation-side sliding member, comprising:  5 

 a memory; and  

 a processor configured to perform:  

    input-data acquisition processing of acquiring input data containing data on 

motor current value in a predetermined period supplied to a motor which is a driving 

source for the rotation-side sliding member, data on contact electric resistance between 10 

the fixed-side sliding member and the rotation-side sliding member in the predetermined 

period, and data on vibration generated in at least one of the fixed-side sliding member 

and the rotation-side sliding member in the predetermined period; and 

    inference processing of inferring diagnostic information of the sliding 

surfaces when the input data is acquired in the input-data acquisition processing. 15 

[Claim 8] A machine learning method of causing a learning model to learn for use 

in a sliding-surface diagnosis apparatus for diagnosing a condition of sliding surfaces of a 

fixed-side sliding member and a rotation-side sliding member, comprising:  

 a learning-data storing process of storing one or plural sets of learning data in a 20 

learning-data memory, the one or plural sets of leaning data including input data 

containing at least data on motor current value in a predetermined period supplied to a 

motor which is a driving source for the rotation-side sliding member, data on contact 

electric resistance between the fixed-side sliding member and the rotation-side sliding 

member in the predetermined period, and data on vibration generated in at least one of the 25 

fixed-side sliding member and the rotation-side sliding member in the predetermined 

period;  
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 a machine learning process of inputting the one or plural sets of learning data to 

the learning model to cause the learning model to learn a correlation between the input 

data and diagnostic information of the sliding surfaces; and  

 a learned-model storing process of storing, in a learned-model memory, the 

learning model that has learned in the machine learning process.  5 

[Claim 9] A machine learning program for causing a computer to perform the 

processes included in the machine learning method according to claim 8. 

[Claim 10] A sliding-surface diagnosis method of diagnosing a condition of sliding 10 

surfaces of a fixed-side sliding member and a rotation-side sliding member using a 

learning model generated by the machine learning apparatus according to any one of 

claims 1 to 5, comprising:  

 an input-data acquisition process of acquiring input data containing data on 

motor current value in a predetermined period supplied to a motor which is a driving 15 

source for the rotation-side sliding member, data on contact electric resistance between 

the fixed-side sliding member and the rotation-side sliding member in the predetermined 

period, and data on vibration generated in at least one of the fixed-side sliding member 

and the rotation-side sliding member in the predetermined period; and  

 an inference process of inputting the input data acquired by the input-data 20 

acquisition process into the learning model and inferring diagnostic information of the 

sliding surfaces. 

[Claim 11] A sliding-surface diagnosis program for causing a computer to perform 

the processes included in the sliding-surface diagnosis method according to claim 10. 25 

[Claim 12] An inference method of inferring a condition of sliding surfaces of a 

fixed-side sliding member and a rotation-side sliding member, comprising:  
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 an input-data acquisition process of acquiring input data containing data on 

motor current value in a predetermined period supplied to a motor which is a driving 

source for the rotation-side sliding member, data on contact electric resistance between 

the fixed-side sliding member and the rotation-side sliding member in the predetermined 

period, and data on vibration generated in at least one of the fixed-side sliding member 5 

and the rotation-side sliding member in the predetermined period; and 

 an inference process of inferring diagnostic information of the sliding surfaces 

when the input data is acquired in the input-data acquisition process.  

[Claim 13] An inference program for causing a computer to perform the processes 10 

included in the inference method according to claim 12. 

  


