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Fig. 4 Surface roughness prediction””. (a) Measured roughness values of laser-cut sample versus sample thickness; (b) prediction error

of roughness versus size of training dataset

1101005-4



2505 £ 11 H9/2023 £ 6 B/ EH*:

[l A(b) J o T AR FE 190 000 A5 7 (0 AH XoF 152 22 il 1l 25 L
i AR A A . i ] B 28 R 2 Zervas HT BRI
TR B 2 2] 77 v AU 0 3 T A b PR A5 v 45 B O 4
B, I E— 25 UE B AT DR R 2% 35 ) ) 2 T
[ AR WLIE AR o B KR K 2% 31 T K 2% Pacher %5 |
FHBLER 2 20 ST 0 o D) a8 vl o o B 5 4 11 5
W LAl TE . € R 4E T U1K % 3 8 K 2% Petronic M
A1) FH it 22 ) 246 ff s 010 11 2 50 T 200 S =2 () 1 6
R R FURLF RO AL BB SR R O D) 3 S 500 Fe R 1A
o0 T D) EI X R B T R . MR
ek RS H BN HE S T A S NP4 AR I R 4
(ANFIS) 5 8  F] FH AR TR g 0 0 5 3 0 1 4% 5
JE 55 2 BOME 0 O O D BURLBS B2 VIR R T 4R
PBAHE T —Fh 3 Sl 2 W 2 (GRNN) AT 9E
HEHE 8L A B (NSGATT) (1) 85 8 A, X % 27 3%
U EN A G B4 0 5 AT T SN RO Ak TN AR X iR
ZAE 5% AN,

Scanning
velocity

Track
offset

Input Hidden
layer layer

(b)
As-received

3.2 #ehst

BA SRR A i b Ak i 2 ' — B
Tl BB LR, O O 2 A ki — Bk AR A Ak
FB R RIS R, TS R A RO | E
W B A R SR T AT LA, i A e
M TFZAR DL, AT TN T B X 6 25 2R Bk A7 B LA
PR RGRAE T LS8 EER /RS T2k
Solheid 45" F4 £ T 4 28 00 45 455 AD | Il a5t 4% 50 vk kit
FBEATOUAR , AT AR 1A & 20 7 3 i HLRE 12 11 552 i
FORMMOE T 28 1 BOLIL & 6 i MO as # X T
P 5 L AR RE B OCH #E & R P K o Remus
VL BAIF 5 35 BT, 5 A 22 ) 246 R 3t U1 ot 28 ) 2% 5 T ]
TGO Y 2 T R U, OF BB TR 4 A4 ST
BORN AR AS AR R4 WO AR N T 22 19
2% X OGTE XA AL Ti-6 A1-4V (9l ' 3% 11 5T B #E 4T T
B A R S HCE AT IOL R RS E (R M
10.00 pm FEARE] 0.15 pm LATF , i il B2 48 Kk, 1728 B
PEREAS B T E R . K 5() JBIR T g b ] TR

Surface
roughness

Output
layer

Laser- 10 pm @ 10.9 pm

500.0

polished

o 250.0
4

200

o 00um 2500 5000 7058

—— Laser-polished
As-received

200 400 600 800 1000 0
Depth (nm)

Pl 5l 2 o 246 A5 280 R 3 1T T 550 2 BT (a) 4 F R 465 45 4 5 (b) 23 WE PR 5 () 41 016 3% 1 R SR 1 0 2% 1T 194 %ok 1 5 () #0638 1o 1) = 4
TS5 Ce) AL iy BRI A5 5 (O PG R X AN 2= A9 AL AL 5 (@) A0 K TR IR 28 - 4% 1l 46
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(d) relationship between weld pool and keyhole constructed by BP neural network; (e) relationship between weld pool and

keyhole constructed by generalized regression neural network; (f) relationship between weld pool and keyhole constructed by

evolutionary neural network
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Fig. 9 Schematics of machine learning (ML) assisted composition design of Fe-Ni-Ti-Al novel maraging steel (NMS)"". (a) Feature

selection; (b) data collection; (¢) ML by various algorithms; (d) composition optimization of alloy elements; (e) time-dependent

dynamic precipitation behavior; (f) powder morphology and elemental mapping
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Abstract

Significance

Laser manufacturing is an important component of advanced manufacturing technology, which has the advantages of

high processing accuracy, wide applicability of materials, flexible non-contact processing, no loss, minimal deformation, and ease of

automation integration. It has played an important role in the fields including aerospace, national defense, military, new energy

vehicles, and biomedicine. It conforms to the advanced manufacturing trends of both intelligent and green manufacturing. With the

popularity of the Internet and the advancement of big data technology, artificial intelligence (AI) has flourished in the past decade,
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providing great convenience in people’s lives and promoting the transformation of the manufacturing industry from traditional to
intelligent manufacturing. Applying Al to product design, production, management, and other aspects can help improve resource
utilization efficiency, production efficiency, product quality, and service levels for enterprises to create greater economic value for
society. Laser manufacturing and Al is becoming increasingly intertwined, driven by the rise of Al and interdisciplinary integration. Al
is being utilized in various aspects of laser manufacturing, including beam shaping, beam correction, laser welding, laser cutting,
laser polishing, laser additive manufacturing, and micro-nano processing. The performance of laser manufacturing equipment plays a
vital role in the quality of the final product, and the application of Al to equipment design and management can improve the reliability
and performance of laser equipment. Additionally, the difference of processing parameters has important influence on product quality.
By establishing the relationship between processing parameters and product quality with the help of AI, the production efficiency can
be improved and the production cost can be reduced significantly.

Progress High-performance equipment is an important hardware base for high-precision and high-quality laser manufacturing. The
instability of laser parameters or beam transmitting devices can lead to beam quality degradation, and in turn, poor machining quality.
AT can be used to predict the translation/rotation state, output energy, phase mode, beam propagation factor, and other parameters of
the beam to generate a high-quality laser beam and ensure the stability of the manufacturing process (Fig. 1). To meet the requirements
of high-precision, high-efficiency manufacturing, Al is applied to beam shaping to improve the flexibility and controllability of the
manufacturing process (Fig. 2). Meanwhile, AT can aid in fault detection, real-time status monitoring, and diagnosing issues in laser
equipment, which not only helps to maintain normal equipment operation, but also ensures reliability and availability of laser
equipment and reduces the risks of downtime and maintenance costs (Fig. 3). With the development of Al technology, its applications
in laser manufacturing technologies, such as laser cutting, laser drilling, laser surface treatment, laser additive manufacturing, and
laser welding, are becoming increasingly widespread, effectively improving the efficiency and quality of laser manufacturing. In the
field of laser cutting, Al can not only predict the results to improve cutting efficiency, but also establish the relationship between the
process parameters and cutting quality to obtain the best process parameters, reducing cutting roughness and slit width (Fig. 4). In the
field of laser polishing, Al can obtain the best process parameters quickly by predicting the polishing results and ensure the stability of
the polishing process through online monitoring (Fig. 5). In the field of laser cutting/drilling bones, Al can be used to process image
and acoustic signals during the drilling process to achieve real-time identification of biological tissue types. Furthermore, it can be used
for process optimization to achieve high-quality processing of biological bone materials (Figs. 6 and 7). In the field of laser welding, AT
is currently used to predict welding quality, detect welding defects, and optimize welding process parameters (Fig. 8). In the field of
laser additive manufacturing, Al assists in designing material compositions for superior mechanical properties, predicting tissue
evolution and properties, constructing relationships between process parameters, optimizing additive manufacturing process, and

monitoring the additive process in real time (Fig. 9).

Conclusions and Prospects The progress of Al has led to great changes in the manufacturing industry, promoting its
development towards automation and intelligence. Laser manufacturing technology is one of the most promising advanced
manufacturing technologies in the current manufacturing industry. The wide application of AT in laser manufacturing technology
promotes its continuous progress. In this paper, the research status of Al in the field of laser manufacturing equipment and laser
manufacturing technology is summarized. The applications of Al in beam control, equipment management, laser cutting, laser bone
drilling, laser polishing, laser welding, and laser additive manufacturing are introduced. Although AT has not been widely used in
practical production because of the challenges in creating algorithms, data processing, and hardware foundation, Al algorithms and
data processing technology will be continuously improved, and the intelligent equipment industry will become increasingly mature. At
that time, the coverage of Al in laser manufacturing will be further expanded, and the intelligence of laser manufacturing will be
promoted effectively.
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