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Abstract: Hydrostatic oil grooves in the friction pair are responsible for guiding, storing, and 

distributing lubricating oil, widely applied to ultra-high-power hydraulic motors of tunnel boring 

machines, aerospace variable pumps, and hydrostatic precision guideways/spindles of high-end 

industrial mother machines, etc. The traditional design methods for oil groove patterns highly rely on 

the designer's experience and size optimization of preset shapes, making it difficult to achieve 

optimal lubrication. For that, this study proposes the intelligent self-evolving design method of oil 
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grooves, in which the AI-assisted generalized pattern search algorithm (GPS+AI) is designed to make 

an oil groove pattern self-evolve towards maximizing load-bearing capacity according to the friction 

pair’s contact force feedback from a lubrication model. The designed oil groove pattern is machined 

onto the piston of a hydraulic motor and is experimentally evaluated for its lubrication load-bearing 

capacity through the home-made quasi-actual roller-piston pair testing rig. Comparing two traditional 

oil grooves, the new oil groove can reduce the friction torque (contact force) by a maximum of 88%, 

which is very significant for improving efficiency and lifespan of ultra-high power hydraulic motors 

(power > 106 W), especially under the dual-carbon target.  

 

Keywords: Design, Oil groove, AI, Lubrication, Hydraulic motor 

 

Nomenclature 

Ps The point set on a friction pair 

Pf The set of anchor points from the rectangular design region 

fm A mapping function 

Psi sith anchor point 

φsi The value of sith anchor point value 

gai The height value of the aith point on the controlled surface 

N The total number of anchor points 

Θ The Gaussian covariance function 

wsi The influence weight of the anchor point Psi 

l0, l1, l2 The three linear correction factors 

ls The shape parameter 

Cr A constant 
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lm The minimum distance between the anchor points 

Ld The longest side length of the rectangular design domain 

Θa,b The Θ value of the ath anchor point and the bth anchor point 

xsi=N, ysi=N The coordinates of the Nth anchor point 

wN The weights of the Nth anchor point 

φN The values of the Nth anchor point 

G Functional representation of the oil groove pattern 

φ A column vector consisting of the anchor point values φsi 

Fc The contact force 

Ω The oil film region 

Ωe The effective region 

φj-1, φj The current base point and the new base point 

j

is  The trial point 

MG The number of oil groove patterns when the AI is first started 

*

jG  The current optimal oil groove pattern 

Mg 

The minimum number of oil groove patterns provided to the GPS by AI in each 

iteration 

Mn The minimum number of increased oil groove patterns when the AI is again trained 

Δmj The GPS algorithm step size 

V The pattern vectors 

vi An N-dimensional column vector 

*

j
s  The improved trial point 

κe, κc The expansion and contraction factors of the step size 
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Gp The matrix of the pixelated oil groove pattern 

i
δ  A group of disturbances 

i

kδ  A disturbance 

Nr Number of disturbances in the i
δ  

LH, LW The increased height and width of the image after padding 

HG,WG,DG The height, width, and depth (number of channels) of the input image 

Hs, Ws 

The step size of the convolution kernel moving along the direction of height and 

width 

Hk. Wk The height and width of the convolution kernel 

cI  The input of the convolution operation 

kc The kc
th convolution kernel of the current layer 

( )c ,kc i jX  
The element of the ith row and jth column in the feature map (Xc) from the kc

th 

convolution kernel 

* The convolution operator 

HI, WI, DI The height, width, and depth of the input image (Ic) 

Kc The convolution kernel (weight matrix) 

bkc The bias of the kc
th convolution kernel 

σL The parameter of the activation function 

Yc1 The output of the C1 layer 

Yc3 The output from the C3 layer 

Hp, Wp The height and width of the pooling kernel 

XF The output of the flattening layer 

Kf1,Kf2,Kf3 The weights of the three-layer fully connected layers 
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bf1,bf2 ,bf3 The biases of the three-layer fully connected layers 

cpkF  The minimum contact force found by the kth individual up to now 

. pbestkδ . The optimal solution currently searched by individuals 

Fcnk The minimum contact force in the subgroup 

nbestkδ  The optimal solution currently searched in the kth subgroup 

Nra, Nramin The neighborhood size and a minimum value of the neighborhood size 

wp The inertia weight 

Srnk The kth subgroup 

Fcg The minimum contact force 

gbestδ  The optimal solution searched in the whole group 

Nsta, Nstamax The stagnation counter and a maximum value of the stagnation counter 

γ1,γ2 Two learning factors 

ur1,ur2 Random numbers from 0 to 1 

 

1 Introduction 

Oil grooves are a key structure of heavy-duty friction pairs in large mechanical equipment, such as 

spindles in precision grinding machine tools, ultra-high-power hydraulic motors of tunnel boring 

machines, and turbines in hydropower engineering [1-4]. The primary roles of oil grooves are to 

store, transport, and distribute high-pressure oil throughout the whole friction pair, thereby providing 

the necessary hydrostatic support for friction pairs, reducing the contact force on friction pairs, as 

well as promoting the formation of the lubricant oil film and heat dissipation. Therefore, oil grooves 

have a significant effect on the load-carrying, lubrication, and wear resistance of friction pairs. 

Therein, the patterns (profile shape, size, and location ) of oil grooves are the most critical 

determining factor for the performance of oil grooves [5-7]. Therefore, many researchers have 
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carried out a large number of in-depth studies on the design and optimization of oil groove patterns, 

which can be broadly classified into three categories: 

The first category is experience-based pattern design. Based on designers’ experience, some new 

oil groove patterns, such as rectangle, circle, ellipse, triangle, crescent, waist-shaped hole, have been 

designed [8-10]; or combined patterns of the existing patterns have been designed [11-14]. 

Afterwards, the oil groove pattern is optimized through a large number of parameter sensitivity 

analyses and comparison experiments [15]. However, the above design methods are highly 

dependent on the designer's design experience. Even if the dimensional parameters of the initially 

designed pattern are optimized subsequently, the obtained pattern is only the optimal solution under 

the constraint of the specific initial pattern (i.e., local optimization). Therefore, this method is 

difficult to obtain the globally optimal oil groove pattern that is not constrained by the initial pattern. 

The second category is biomimicry-based pattern design. Through in-depth analysis of biological 

morphology, structure, and corresponding functions, researchers have designed oil groove patterns 

like dragonfly wing veins [16], linden leaf veins [17], and poplar leaf veins [18]. These oil groove 

patterns can transport the high-pressure fluid ejected from the center hole to the entire friction pairs 

by the vein-like structures, so as to enhance the lubrication and oil-film support force in friction pairs. 

However, this design method depends heavily on the designer's keen insight. Moreover, the scale of 

biological structures generally differs from that of friction pairs, which means that direct imitation of 

a biological structure may not achieve the desired effect. Therefore, similar to the first design method, 

the second method is also difficult to obtain a globally optimal oil groove pattern. In addition, a lot of 

exploration and trial-and-error processes for different biological structures are usually required to 

further optimize the oil grooves, which will lead to a long design cycle.  

The third category is polygon-based pattern design. Firstly, the profiles of oil grooves are 

parameterized and regarded as polygons, i.e., the boundaries of the oil grooves are formed by line 

segments. Secondly, the endpoint positions of the line segments are optimized based on various 
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algorithms, thereby obtaining the optimal oil groove pattern. For example, some studies use x and y 

coordinates to define the endpoint positions of the line segments [19]. In this case, the x and y 

coordinates are optimized through the elite retained non-dominated sorting genetic algorithm 

(NSGA-II) to obtain the optimal oil groove pattern. To reduce the number of optimized variables, the 

endpoint positions can also be defined through a series of radial line segments with the same angular 

interval and start point [20]. Subsequently, the length of the radial line segments is optimized based 

on a genetic algorithm to obtain the optimal oil groove pattern. However, the disadvantage of this 

polygon-based design method is that it cannot cover all possible oil groove patterns. For example, 

one initial polygonal pattern is unable to form an annular pattern or hollow pattern with a blank area 

inside, but only a solid polygonal pattern after optimizing. If we desire to generate an annular oil 

groove pattern, we need to set two overlapping polygons before starting optimization. Therefore, this 

polygon-based design method also relies on the designer's experience and restricts the optimization 

algorithm's searchable range. Theoretically, it is difficult to obtain a globally optimal oil groove 

pattern. 

For that, this study proposes the intelligent self-evolving design method for oil grooves to improve 

their lubrication and load-bearing capacity. Firstly, the threshold-truncated Gaussian kernel function 

is designed to describe oil groove patterns, realizing the unified mathematization expression of 

arbitrary oil groove patterns. Then, an artificial intelligence-assisted generalized pattern search 

algorithm (GPS+AI) is proposed, which can disturb and evolve the oil groove pattern based on the 

feedback contact force, thereby maximizing the load-bearing capacity of the oil groove.  

The rest of this paper is organized as follows. In Section 2, the description function of oil grooves 

is designed, realizing a mathematical expression of any oil groove pattern. Then, the proposed 

artificial intelligence-assisted generalized pattern search algorithm (GPS+AI) is introduced and 

explained in detail in Section 3. The intelligent self-evolving design method is applied to the piston 

in a cam-lobe hydraulic motor. The obtained novel oil groove is presented in Section 4. In Section 5, 
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the high-load-carrying advantage of the novel oil groove is demonstrated by comparing it with two 

traditional oil grooves. Finally, conclusions are given in Section 6. 

2 Description function of oil groove 

Before optimizing the oil groove pattern, it is necessary to establish a mathematical framework 

that can characterize the profiles of any oil groove pattern, i.e., to establish a generic description 

function. The description processing of an oil groove pattern is shown in Fig. 1. In order to ensure 

the universality of the proposed intelligent self-evolving design method, a complex-shaped friction 

pair is chosen as a case instead of the common rectangular ones. Moreover, the structure of friction 

pairs is generally symmetrical. Thus, the friction pair can be simplified, i.e., only a portion of the 

area is used to design the oil groove patterns, which can reduce computational load during the 

subsequent optimization process. Here, we take the 1/4 friction pair as an example, as shown in Fig. 

1(c). In order to facilitate the subsequent mathematical description, the complex-shaped region of the 

1/4 friction pair is mapped into a rectangular region (Fig. 1 (c) to (d)), and the rectangular region is 

used as the subsequent design domain. Correspondingly, the set of points Pf (xfi, yfi) is transformed to 

the set of the anchor points Ps (xsi, ysi) on the rectangular design domain by: 

   ( )m ,  si si fi fix y f x y=  (1) 

where fm is a mapping function. 

In this study, the anchor points on the rectangular design domain are in the form of an equally 

spaced rectangular distribution. Afterward, every anchor point (Psi) is assigned the value φsi, which 

can influence the shape of the oil groove as shown in Fig. 1(e)~(g). The values (φsi) of the anchor 

points can change the controlled surface's shape, and the relationship between them is established by 

a Gaussian kernel function. The controlled surface is then crossed with a threshold surface to form 

intersecting lines, resulting in profiles of an oil groove. Accordingly, the height distribution (gai) of 

the controlled surface directly influences the profiles of the oil groove. The height (gai) is controlled 

by the values (φsi) of the anchor points: 
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( ) ( )

( ) ( )
2 22
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0 1 22
1
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1

ai si ai si

N

ai si si ai si ai ai

si

N
l x x y y

si ai ai

si

g φ w Θ P P l l x l y

w e l l x l y

=

− − + −

=

= − + + +

= + + +




 (2) 

where N is the total number of anchor points; Θ is the Gaussian covariance function; wsi is the 

influence weight of the anchor point Psi; and l0, l1, and l2 are the three linear correction factors; ls is 

the shape parameter, ls = Cr lm, Cr is a constant, and lm is the minimum distance between the anchor 

points. The lm can affect the performance of the Gaussian kernel function. An overly small lm will 

lead to a sharp rise in the subsequent optimization dimensions (variables), thereby increasing the 

solution's time-consuming and difficulty. An overly large lm will not be able to accurately establish 

every potential controlled surface. The lm is recommended as less than 12.5% of the longest side of 

the rectangle domain in a study about fitting boundaries of images [21]. In this study, lm is 10%Ld, 

where Ld is the longest side length of the rectangular design domain. Correspondingly, the set of 

anchor points (Ps) contains 11×6 anchor points. 
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Fig. 1  The description processing of the oil groove pattern 

From Eq. (2), the value (φsi) of the anchor point (Psi) can change the height (gai) of any point on 

the controlled surface by the weights (wsi ) and the three correction factors (l0, l1, l2). The relationship 

between φsi and wsi, l0, l1, l2 is: 

 1

s

−=W H φ  (3) 

where 

  
T

1 0 1 2... Nw w l l lW =  (4) 

  
T

s 1 ... 0 0 0Nφ φ=φ  (5) 
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 (6) 

where ( ), 2a b si a si bΘ Θ P P= == − , denotes the Θ value of the ath anchor point and the bth anchor point; 

xsi=N and ysi=N denote the coordinates of the Nth anchor point; wN and φN denote the weights and 

values of the Nth anchor point. 

The solved weight (W) is substituted into Eq. (2) to determine the height (gai) of the controlled 

surface. The controlled surface is crossed by the threshold surface that is chosen as the horizontal 

surface with height position 0. The intersection lines between the controlled surface and the threshold 

surface are the profile of the oil groove, as shown in Fig. 1(f) (g). The profile expression of the oil 

groove pattern is 

 ( )
( )

( )

oil groove 0

oil film 0

ai

ai

g
G

g


= 



φ
φ

φ
 (7) 

where φ is a column vector consisting of the anchor point values (φsi). An oil groove pattern can be 

obtained by combining Eqs. (2)~(7) and solving G. 
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According to Eq. (7), the oil groove pattern (G) can be changed randomly by altering the anchor 

point values (φ). In order to get the optimal oil groove pattern, the anchor point values (φ) are 

optimized under the objective of minimizing the contact force of the friction pair. The mathematical 

expression of the optimized problem is: 

 
( )c

e

c

Constrain

Objective fun

ts s t.    = 1   

)

 

ction Min  (

ai ai

dΩ

                .

F

g g Ω

G p=



φ：

：
 (8) 

where Fc is the contact force, Ω is the oil film region, and Ωe is the effective region. The constraints 

in Eq. (8) require that the designed oil grooves appear only within the effective region (Ωe), which 

ensures that the designed oil groove is usable. For example, it could limit the minimum distance 

between the oil groove and the friction pair boundary, ensuring enough sealing. 

3 Algorithm: artificial intelligence-assisted generalized pattern search (GPS+AI) 

For the optimization problem in Eq. (8), the artificial intelligence-assisted generalized pattern 

search (GPS+AI) algorithm is proposed, as shown in Fig. 2. Firstly, the description function of the 

oil groove is used to transform the initial anchor point value (φ0) to the initial groove pattern (G0). 

The initial contact force 0

cF  (objective function) is obtained by solving the lubrication model [22].  

Then, the GPS algorithm (yellow area in Fig. 2) takes the anchor point value (φj-1) of the (j-1)th 

iteration as a base point and creates 2N trial points in the neighborhood of the base point (φj-1), i.e., in 

an N-dimensional hypersphere. The GPS algorithm then begins polling the 2N trial points ( j

is ) that 

are converted into 2N trial oil groove patterns by the description function. The contact force (Fc) 

corresponding to each trial oil groove pattern is obtained by solving the lubrication model. Among 

them, the oil groove pattern with the smallest contact force is chosen as the solution for the jth 

iteration, and the corresponding anchor point value serves as the base point (φj) for the next iteration. 

Subsequently, the GPS algorithm starts the (j+1)th iteration. In each iteration, every oil groove 

pattern and its contact force that have been polled by the GPS algorithm are stored in the database 

(shown as green boxes in Fig. 2).  
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When the recorded number of oil groove patterns is more than MG, AI assistance (blue region in 

Fig. 2) is activated to generate the preferred oil groove patterns. In this study, the self-disturbing 

online deep learning model driven by a swarm intelligence algorithm is proposed for AI-assisted 

design. The basic idea of the AI-assisted design is as follows. The current optimal oil groove pattern 

(
*

jG ) is taken as the input of the AI. Then the disturbance layer is set and disturbances are added to 

the input 
*

jG , so as to evolve out different new oil groove patterns based on the current optimal 

pattern (
*

jG ). The online deep learning model predicts the contact forces (Fc) of the new oil groove 

patterns. Meanwhile, the swarm intelligence algorithm is designed to iteratively adjust the 

disturbances mixed in the current optimal pattern (
*

jG ) according to the predicted contact forces (Fc), 

so that the evolved oil groove patterns have contact forces (Fc) as small as possible. 
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Fig. 2  Flowchart of Artificial Intelligence (AI)-Assisted Generalized Pattern Search (GPS) 

Algorithm 

Afterward, the preferred oil groove patterns are provided to the GPS algorithm for polling and 

refinement. Considering that the prediction accuracy of neural networks cannot reach 100%, the AI 

will provide Mg preferred oil groove patterns to the GPS in each iteration (shown in the blue solid-
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line box in Fig. 2). In addition, as long as the number of oil grooves polled by the GPS algorithm is 

increased by Mn in the iteration process, the current self-disturbance online deep learning model is 

updated once. In this way, the model can learn more experience in oil groove optimization and 

improve the cognitive level of the model. Specific details of the GPS algorithm and AI-assisted 

design are as follows. 

3.1  Generalized Pattern Search ( GPS ) 

In the jth iteration before the AI intervention, the GPS algorithm polls 2N trial points ( j

is ) in the N-

dimensional neighborhood of the base point (φj-1) with the step size (Δmj). The principle is shown in 

Fig. 3. It should be noted that Fig. 3 illustrates the polling principle in two dimensions (N = 2), 

whose principle is similar to that in N dimensions. N is the number of anchor points, and also the 

number of independent variables in the base point (φ). The coordinates of the 2N trial points are 

determined by the pattern vectors  1 2 2, ,  , N= V v v v  and the step sizes Δmj [23-24], which are 

 1 Δ ,    1,2,3,...,2j j j

i im i N−= + =s φ v  (9) 

where vi is an N-dimensional column vector, for i=1, 2, ..., N, the ith element of vi is 1; for i=N+1, 

N+2, ..., 2N, the (i-N)th element of vi is -1. 

Then, the 2N trial points ( j

is ) are transformed into oil groove patterns (
s

j

iG ) using the description 

function. Next, their contact forces (Fc) are evaluated, i.e., the objective function values. The trial 

point that generates the maximum decrease in the objective function is set as the improved trial point: 

 ( ) ( ) ( ) ( ) c * * c s1 1 c s2 2 c s2 2( ) min ( ) , ( ) ,..., ( )
2

j j j j j j j j j j j

N N

π
F G F G F G F G=s s s s  (10) 

After the AI intervenes, the right-hand side of Eq. (10) will additionally evaluate Mg preferred oil 

groove patterns from the AI. Meanwhile, the one with the smaller objective function value between 

the improved trial point (
*

j
s ) and the current base point (φj-1) is used to be the new base point (φj), 

and the corresponding expression is: 
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( ) ( )

1 1
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F F

F F

− −

− − −

 
= 



s s φ
φ

φ s φ
 (11) 

 

Fig. 3  Polling schematic (The size of the trial point indicates its corresponding objective function 

value Fc) 

When the improved trial point (
*

j
s ) replaces the current base point (φj-1), i.e., the first situation in 

Eq. (11), the step size will be enlarged (Δmj+1>Δmj), and otherwise it will be reduced (Δmj+1<Δmj). 

As shown in Fig. 3, in the iteration, a trial point (
*

j
s ) with a smaller contact force (denoted by the 

diameter of the point) is found, and then the (j+1)th larger step size, Δmj+1>Δmj, will be used in the 

next iteration. At the same time, the variation range of the step size is restricted, i.e., 

 1

min maxΔ Δ ,Δjm m m+  , where Δmmin and Δmmax are the lower and upper limits of the step size. The 

expression of the step size is: 

 

( ) ( )

( ) ( )

( )( )

1 1

c * c

1 1

e1

c

1 1

x

c *

m

c

in ma

Δ
Δ

Δ

Δ min max Δ ,Δ Δ

j

j

j j j

j j j

j

j

j

j

j

F F

F

κ m
m

κ m

m m m m

F

+

+ +

− −

− −

 
= 



=



s φ

s φ

，

 (12) 

where κe>1 and 0<κc<1 are the expansion and contraction factors of the step size, respectively. When 

the step size reaches the lower limit, i.e., 
minΔ Δjm m , the iteration terminates. 

After that, the GPS algorithm again polls the 2N trial points in the neighborhood of the new base 

point (φj) using the updated step size and repeats the above process. The above update of the base 
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point can make the new oil groove pattern closer to the optimal solution, thereby generating higher-

quality data samples for updating the AI. The final purpose is to improve the confidence level of oil 

groove patterns generated by the AI. 

When there are more than MG oil groove patterns (
s

j

iG ) polled by the GPS algorithm, the AI is 

activated. In this study, MG =600, minΔm =10-3, Mn= 100, Mg =5. The AI generates the preferred oil 

groove patterns through the proposed self-disturbing online deep learning governed by the swarm 

intelligence algorithm. These preferred oil groove patterns are provided to the GPS algorithm for 

evaluation and refinement. The specific process of the AI is as follows. 

3.2  AI: self-disturbing online deep learning 

Self-disturbing represents that a disturbance term is actively mixed into the inputs of the deep 

learning model to evolve new oil groove patterns. Meanwhile, the disturbance term can be iteratively 

self-adjusted based on the swarm intelligence algorithm. Online means online learning, which 

represents the process of learning and upgrading the model batch by batch on new “data streams” 

generated with iterations, rather than completing the model training by one offline learning [25-26]. 

Therefore, we don't need to prepare training samples for AI in advance. Deep learning model 

specifically uses a kind of convolutional neural network, G-Net, which is designed based on the 

characteristics of the oil groove pattern, as shown in Fig. 4. 

In detail, the G-Net contains one disturbance layer, four convolutional layers, one pooling layer, 

and three fully connected layers. The disturbance layer is designed to realize the mutation of oil 

groove patterns. In addition, the last fully connected layer of the G-Net is directly used to output the 

contact force (Fc) of the corresponding oil groove patterns. This is different from conventional CNN, 

which usually uses SoftMax or Sigmoid for classification (discrete quantities) after fully connected 

layers [27]. 

Additionally, large-sized convolutional kernels, such as 11×11 and 7×7, are used in the G-Net 

convolutional layers C1, C2, and C3. However, many current convolutional neural networks tend to 
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choose the depth structure with multiple small-sized (e.g., 3 × 3) convolutional kernel stacks [28-30], 

so as to reduce network parameters and computation. The reason for choosing the large convolution 

kernels in this study is that they have a large effective receptive field, that is, a wide viewing range 

[31]. In the whole oil groove pattern, the proportion of the oil groove region is relatively small, 

making it difficult for the small convolutional kernel to capture the key features of the oil groove 

region. For this reason, a large convolutional kernel is chosen in the designed G-Net. In addition, the 

edges of the input image are padded with 0 during the convolution process in layers C1 and C2, 

which can preserve the critical information on the input image boundary. 

To reduce the input dimension and training difficulty of the G-Net network, the input images, i.e., 

the oil groove patterns, are preprocessed, as shown in Fig. 4. Considering the symmetry of the oil 

groove pattern as well as the fact that the oil grooves only appear in the effective region (Ωe), the 1/4 

effective region (Ωe) is cropped for the input of the G-Net network. To facilitate the subsequent 

processing, the 1/4 effective region (Ωe) is then mapped as a rectangular region, corresponding to Fig. 

1 (g). Then the rectangular region is divided into individual pixel blocks. Among them, the pixel 

blocks whose centers are covered by oil grooves are assigned a value of 1, and the rest are 0. This 

process achieves the dual purpose of input normalization and distinguishing between oil groove/oil 

film regions. The matrix of the pixelated oil groove pattern G G G

p

H W D 
G ¡  is passed to G-Net for 

feature extraction and prediction of contact force (Fc). 

During the G-Net training stage, the disturbances need to be set to a constant 0 to enable the model 

to accurately learn the nonlinear mapping relationship between the oil groove pattern and the contact 

force (Fc). After the training is completed, the current optimal solution ( )1 1

*

j jG − −φ  is used as the 

input. Then a group of disturbances 
r1 2,  ,  ..., , ..., i i i i i

k N
 =  δ δ δ δ δ  is randomly generated, each of 

which 1i N

k

δ ¡  is an N-dimensional vector. Each disturbance is added to the input, and multiple (Nr) 

new oil groove patterns are evolved based on the current optimal solution: 
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 ( ) ( ) ( ) ( )
r r

1 1 1 1

p p1 1 p2 2 p,  ,..., j i j i j i j i

N NG G G G− − − − + = + + +
 

φ δ φ δ φ δ φ δ  (13) 

 

Fig. 4  Schematic of self-disturbing online deep learning 

Afterward, these new oil groove patterns are pixelized, and as the inputs (Gp), they are first padded, 

convolved, and nonlinearized in the C1 layer of the G-Net. The padding with 0 avoids the loss of oil 

groove information at the edge of the image. The image is symmetrically padded at top/bottom and 
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left/right, and the height and width dimensions of the image are increased by 

 G
H s k G

s

1
H

L H H H
H

   
= − + −    
    

 (14) 

 G
W s k G

s

1
W

L W W W
W

   
= − + −    
    

 (15) 

where LH and LW are the increased height and width of the image after padding, respectively; HG, WG, 

and DG are the height, width, and depth (number of channels) of the input image (i.e., oil groove 

pattern); Hs and Ws are the step size of the convolution kernel moving along the direction of height 

and width; and Hk and Wk are the height and width of the convolution kernel. The padding image is 

used as the input to the convolution operation I I I

c

H W D 
I ¡ . The output feature map after 

convolution is 

 ( ) ( ) ( ) ( )
k k I

s s

1 1
1 , 1 , 1, 1, 

c c c c c,
0 0 1

,
H W D

i m i H j n j W dkc m n d kc

i j
m n d

i j b
− −

+ + − + + −+ +

= = =

+ X = I * K = K I  (16) 

where kc denotes the kc
th convolution kernel of the current layer; ( )c ,kc i jX denotes the element of the 

ith row and jth column in the feature map (Xc) from the kc
th convolution kernel; * is the convolution 

operator; HI, WI, and DI are the height, width, and depth of the input image (Ic); 
( ) ( )s s1 , 1 ,

c

i m i H j n j W d+ + − + + −
I

denotes the element from the i+m+(i-1) Hs row, j+n+(j-1) Ws column, d channel of the Ic; 

k k I

c

H W D 
K ¡ is the convolution kernel (weight matrix); 1, 1,

c

m n d+ +
K denotes the element from the m+1 

row, n+1 column, and d channel of the Kc; bkc is the bias of the kc
th convolution kernel. The feature 

map (Xc) generated by the above convolution operation is nonlinearized by the activation function 

LeakyReLU (σL) to obtain the output (Yc1) of the C1 layer: 

 ( )c1 L cσ=Y X  (17) 

 ( ) ( )L L

L

 0
     0  1

 0
aσ

x x
x

a x x


= 


 
， ，

＜ 
 (18) 

where aL is the parameter of the activation function. 
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The subsequent convolution operations of the layers C2, C3, and C4 are similar to those described 

above, and will not be repeated. The pooling layer P1 after the layer C3 is essentially a 

downsampling process, which eliminates “low-value” pixels and reduces the size of the image. The 

average pooling layer P1 is defined as: 

 ( )

( ) ( )
p p

s s

1 1

1 , 1 , 

c3

0 0
c3

p p

,

H W

i m i H j n j W d

d m ni j
H W

− −

+ + − + + −

= =

 Y

X =  (19) 

where Yc3 is the feature map output from the C3 layer; Hp and Wp are the height and width of the 

pooling kernel; and the meanings of the other parameters are the same as in Eqs. (14)(15). 

The feature map output from the C4 layer is converted to a column vector (XF), then passes 

through three fully connected layers and outputs the contact force (Fc). The corresponding expression 

is 

 ( ) ( ) c f3 L f2 L f1 F f1 f2 f3F σ σ= + + +K K K X b b b  (20) 

where Kf1, Kf2 and Kf3 are the weights of the three-layer fully connected layers; bf1, bf2, and bf3 are 

the biases of the three-layer fully connected layers. 

The contact force (Fc) output from the G-Net is fed to the swarm intelligence algorithm, 

specifically the Dynamic Neighborhood Particle Swarm Algorithm (DNPSO), which is a modified 

version of the Particle Swarm Algorithm [32,33], and its pseudo-code is shown in Fig. 5. The 

DNPSO calculates the optimal solution in a random subgroup (
nbestkδ ) in each iteration, rather than 

the optimal solution in the entire group ( gbestδ ) in the Particle Swarm Algorithm. Each disturbance 

( i

kδ ) is regarded as an individual and corresponds to a mutated oil groove pattern. All disturbances 

form a group ( i
δ ) including Nr oil groove patterns. Subsequently, the G-net evaluates the contact 

forces of the group ( i
δ ) (as shown in line 15 of Fig. 5). 

If the kth disturbance ( i

kδ ) generates the oil groove whose contact force ( )c

i

kF δ  satisfies 
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( )c cp

i

k kF Fδ , then we let ( )cp c

i

k kF F= δ , pbest

i

k kδ = δ , as shown in line 16 in Fig. 5. The 
cpkF is the 

minimum contact force found by the kth individual up to now, and pbestkδ is the current optimal 

disturbance, i.e., the optimal solution currently searched by individuals. 

Subsequently, random Nra disturbances form the kth subgroup (Srnk) in the neighborhood of the 

disturbance ( i

kδ ), as shown in lines 18-19 in Fig. 5. The disturbance (
*

i

kδ ) has a minimum contact 

force (Fc) in the subgroup (Srnk). Thus, let 
nbest *

i

k k=δ δ , ( ) ( ) cn c * c rnmini

k k kF F F S= =δ . The Fcnk and 

nbestkδ denote the minimum contact force and the optimal solution searched in the kth subgroup, 

respectively. Among them, the disturbance (
*

i
δ ) is identified, which minimizes contact force (Fc) in 

the whole group, as shown in line 22 in Fig. 5. Then let ( )  cg c * cnmini

kF F F= =δ  and gbest *

i i
δ = δ . The 

Fcg and gbestδ  denote the minimum contact force and the optimal solution searched in the whole 

group, respectively. 

If the contact force (Fcg) is not reduced compared to the previous iteration, the neighborhood size 

(Nra) is expanded, and the stagnation counter (Nsta) is increased by 1. Otherwise, the neighborhood 

size (Nra) is set to a minimum value (Nramin), and the stagnation counter (Nsta) is decreased by 1; 

Meanwhile, the inertia weights (wp) are updated. The details are shown in Fig. 5, lines 23 to 30. 

If the iteration reaches the maximum value (Npmax) or the stagnation counter (Nsta) reaches the 

maximum value (Nstamax), the iteration will be stopped. Otherwise, it goes to the next iteration. In the 

next iteration, the disturbance is redefined based on the optimal solution δpbestk and δnbestk found by 

each individual and its neighborhood (line 14 in Fig. 5): 

 ( ) ( )1 1 1

p 1 r1 pbest 2 r2 nbestΔ Δi i i i

k k k k k kw γ γ− − −= + − + −δ δ u δ δ u δ δe e  (21) 

 1 Δi i i

k k k

−= +δ δ δ  (22) 

where γ1 and γ2 are two learning factors; ur1 and ur2 are random numbers from 0 to 1, which serve to 

increase the randomness. 
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When the iteration ends, the optimal disturbance ( gbestδ ) in the whole group is added into the 

current optimal oil groove pattern, evolving a new and perhaps better oil groove pattern. Considering 

that the prediction accuracy of neural networks cannot reach 100%, the above AI will be run Mg 

times to mutate out Mg preferred oil groove patterns. These patterns will be provided to the GPS 

algorithm for lubrication analysis, as shown in the blue solid box in Fig. 3. 

 

Fig. 5  Pseudo-code of the Dynamic Neighborhood Particle Swarm Algorithm (DNPSO) 
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4 Optimal Oil Groove Patterns 

 

Fig. 6  Oil groove on piston in CRM-HA 50 cam-lobe hydraulic motor and design constraints 
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As an example, the oil groove in a CRM-HA 50 cam lobe hydraulic motor is designed, as shown 

in Fig. 6. The cam lobe hydraulic motor is composed of pistons, rollers, a cam ring, a cylinder block, 

etc. During running, high-pressure oil periodically enters the bottom of the pistons, pressing the 

pistons and rollers to move along the slope of the cam ring, thereby driving the motor to rotate and 

output torque. 

Meanwhile, the cam ring exerts a reactive force (Fn) on the rollers, causing the rollers and pistons 

to slide relatively under heavy load. In order to extend the service life of the roller-piston friction pair 

and reduce the friction force, an oil groove is set inside the roller-piston friction pair. 

 

Fig. 2  The evolution of the oil groove pattern 

The oil groove is located on the inner cylindrical surface of the piston. The high-pressure oil from 

the bottom of the piston can flow upward into the oil groove through the channel inside the piston, 

and be transported to the friction pair through the oil groove, providing lubrication and hydrostatic 

support for the roller-piston friction pair. This friction pair is flattened and presented in the right 

subplot of Fig. 6. In this case, the constraint during design, i.e., the effective region (Ωe) in Eq. (8), is 

set to ensure that the designed oil groove is usable, as shown in Fig. 6. On the one hand, it limits the 
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left and right spans of the oil groove to not more than 130°, ensuring that its left and right boundaries 

are machinable. On the other hand, it limits the minimum distance between the oil groove and the 

friction pair to 2.5 mm, ensuring enough sealing. 

During design, the evolution of the objective function, i.e., contact force (Fc), and the 

corresponding oil groove patterns are shown in Fig. 7. As the iteration proceeds, the oil groove 

pattern gradually evolves into a curved side H-shape, as shown in the No. 9 pattern in Fig. 7. 

In order to verify the feasibility of the proposed design method and the obtained optimal oil 

groove pattern, the No.9 oil groove pattern in Fig. 7 is manufactured. Meanwhile, the oil groove 

pattern is moderately simplified to reduce the difficulty of oil groove machining. The final oil groove 

is shown in Fig. 8. The oil grooves currently used by the two main motor manufacturers, i.e., the 

traditional oil grooves, are chosen as comparisons, as shown in Fig. 8. The oil grooves currently used 

by the two main motor manufacturers, i.e., the traditional oil grooves, are chosen as comparisons, as 

shown in Fig. 8. These traditional oil grooves represent the prevalent industry practice. Their patterns 

are initially conceived based on empirical knowledge, followed by parametric optimization to refine 

dimensions. As such, they exemplify the experience-based and parameter-optimized design approach, 

serving as established references against which the performance of the newly proposed self-evolving 

design method is evaluated. 

 

Fig. 3  Novel oil groove and traditional oil grooves  
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5 Experimental validation and result analysis 

The validation is carried out on the developed quasi-actual testing rig for the roller-piston friction 

pair [34]. The principle and structure of the quasi-actual testing rig are shown in Fig. 9. The testing 

rig employs a drive shaft to replace the cam ring in the motor. The drive shaft can provide reactive 

force and driving speed for the roller, and the bottom of the piston is supplied with high-pressure oil, 

thereby simulating the working state between the roller and piston. Considering that the load-

carrying capacity of the oil groove affects the friction of the roller-piston pair, this study uses the 

measured friction torque of the roller-piston pair to evaluate the load-bearing capacity of the oil 

groove. A total of eight pressure groups of 1, 5, 10, 15, 20, 25, 30, and 35 MPa are tested, while the 

equivalent motor speed is linearly increased from 0.5 rpm to 33 rpm. During the test, 46# anti-wear 

hydraulic oil is supplied at the bottom of the piston, and the initial oil temperatures for the different 

tests are 15℃~19℃. The measured friction torques of the roller-piston pairs are shown in Fig. 10. 

 

Fig. 4  Quasi-actual testing rig of roller-piston friction pair  
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According to Fig. 10(b), the friction torque of the novel groove is significantly lower than that of 

the other two traditional grooves at different pressures. At 35 MPa and 0.5 rpm, the new groove 

reduces the friction torque by 16% and 28%, respectively, compared with the other two conventional 

grooves. At 35 MPa and 33 rpm, the new groove reduces the friction torque of the roller-piston pair 

by 88% and 63%, respectively. 

 

Fig. 10  The measured friction torques of the roller-piston pairs 

6 Conclusion 

In order to improve the load-carrying capacity of the oil groove, this study proposes an AI-assisted 

self-evolving design method of oil grooves. By designing the threshold-truncated Gaussian kernel 

function to define the profiles of oil groove patterns, any oil groove pattern can be uniformly 

expressed by a mathematical expression. Then, the AI-assisted generalized pattern search algorithm 

(GPS+AI) is proposed to design the oil groove pattern and evolve it towards minimizing contact 

force (maximizing load-bearing capacity). Therein, the GPS algorithm is responsible for searching 

and adjusting the oil groove during the initial iteration, and determining whether the iteration should 

be terminated. AI is designed as the self-disturbing online deep learning driven by the swarm 
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intelligence algorithm. It utilizes process data from optimization iterations to learn the mapping 

relationship between different oil groove patterns and their load-carrying capacity. Then, the AI takes 

the currently found optimal oil groove pattern as a template (input), and adds disturbances provided 

by the swarm intelligence algorithm, thereby mutating multiple possibly better oil groove patterns. 

Subsequently, these oil groove patterns are provided for the GPS algorithm to evaluate and make 

decisions. 

The optimal oil groove pattern is obtained using the above intelligent self-evolving design method, 

which approximates the shape of an arc-shaped side H instead of the traditional circular shape. The 

novel oil groove and traditional oil groove patterns from two major motor manufacturers are tested 

under different operating conditions using the quasi-actual friction pair test rig. The experiment 

results prove the high load-bearing advantage of the novel oil groove. In detail, the novel oil groove 

can reduce the maximum friction torque of the roller-piston pair by 88% (35 MPa, 30 rpm). At 35 

MPa-0.5 rpm, the maximum friction torque reduction is 28%. This significant performance 

enhancement validates that the proposed self-evolving design method effectively overcomes the 

limitations of conventional design paradigms, which are constrained by initial shape assumptions and 

local optimization. 
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