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A Review of Rotational Speed Measurement and Trajectory Budgeting
Algorithms for High—speed Rotating Targets

ZHANG Ke', GENG Yaning’, JI Yunfeng'

(1. School of Health Science and Engineering , University of Shanghai for Science and Technology , Shanghai 200093, China;
2. Sports Department of SouthWest University of Political Science&Law , Chongqing 400030, China )

Abstract: The external force acting on an object during high—speed motion changes its angular momentum, leading to rotation, and the Mag-
nus force generated by rotation makes the trajectory of the object difficult to predict. Accurate measurement and trajectory prediction of high—
speed rotating targets cannot be achieved without target detection, tracking, and motion modeling. To improve researchers’ understanding of
high—speed rotating target speed measurement and trajectory prediction, this paper reviews research literature on high—speed rotating targets
in fields such as sports, military, and autonomous driving, covering the evolution from traditional methods to deep learning algorithms. The fo-
cus is on analyzing computer vision algorithms and their difficulties, as well as rotation measurement and trajectory prediction methods.
Through a comprehensive review of relevant content, it was found that existing algorithms for measuring the rotational speed and predicting tra-
jectories of high—speed rotating targets still face challenges such as insufficient stability and real-time performance, and further exploration
and practice are needed in the future.

Key Words: object detection; rotation measurement; trajectory prediction; deep learning; detection accuracy

3B T, AR AU LE Toll i) 7 S i 1 24
U, Z 5 B EN AT HEE LIS ARG B A e
LAY, A B 2 A AR R SRR T R PR
Sl 5 A LB 4 B R B M AE W KU R B BT AR T Pk B B AR
FEHUBGE TR R PRCR ORI ST e R ORI T R, (KRR 2k
SR R IR B RS A L R BSR4 B AR BIROR 56 B e U o % 0 LA S 3L
ElALE

0 35

il

Y5 B #9:2024-02-27

R HRREE . m A

E&UH: B R A RAF AL A (62003214)

EZ B kA (2000-), B, LR T XFMHERF S TRFRMEMTE, AR T @A BAELE FENT HIEFRMN; KET
(1990-), %, M+, B BUE R FHRAFPH, IR @A FERHEER; F5%(1990-), B W+, L8 T KP4 RASF
5 IRFRANIZ, AT A EEFMEA, ALBHMER LT,



5% 4

K Bh BRI, 2 U TR bR 0 e s 0 ek R 5 T B i £k - 201 -

S L A 2 DR A5 T L, BR ) T LA AT R AR R
TN B 5 U AT RO

BEX B IR PR, A SCLL i AT BBk Sz 3 0 2T
TR, IRARITX LEHORAE T B N . Bz Bl LA
ey 55 o HOR 22 BRI VS T )2 A e, Jeig
JELEILER | R BRIE T B, RGO N IE G A% AR I BT
Z 5138 I H . BRISE B Y e RE A R 8
T XISE R AP, T A A RS TA] P /R 4 A T Bk
Mz sl . X — 15N, BRI B A B 0
B, O R GE T RRIBLE . i N T REFNIR 2
AR WRFEHE AT AT LA Bl S5 i RIS B2 2145 BR A 37 B
I, I A 52 AR A Bk TN AR R U . A SCRE TR ABFTE
e SRR b B4 e e I AL 0 T 3k, RS AL S W)
BT 1 RN T IR BE = ] AR5 B o T B, DA R i ek
kR S5 .

1 AREFEREES

e A2 Bl H bR RS A U0 2 e i T S 2 I A
HIHE 5 OCHE SR, o T E R A BR RN Sk AN B S B
XFTRE % B bR A 51 7 T 8 2] T g 2Pk B an B BRIy
Bt NG TCAT RO FRBE M S TP S AN A L 3X
S ] FUAE GRS A7 N R A R ) 5 e A A
e, IR N A R T T R RS, PR A R
2 PG SR 25 0 S AR T e A5 ZE ORI D3 A5 L R
R E O A B ARG Bk A S Hoas gt 72
1.1 B ER50%

BT 324048 B O IR AR R A5 52, R K]
A2 I H R Y O A R, H AR i AR
RV R R RS2 ) R B R DNDRS BE . DA v AT R i B
Fe g 1], BERS B AR HRUH B ol | gl 75 28 X6 e P 35k 1) R s
AT ST BRER ST o 1 B Bk A e R A T A R H A
JE PRI B AL 58 R 47 a5 AR 2 ) RS AR R 4 52 . H AR
WG AN H BR i Z AR S L BRI — ) R, A7 4 A
S8 N G3E 38 S IR AG Sk A HOR 48 i A B R AR L, LA vs 2D
AR PUNAHERA AR O o i an, SCHRL9 It A s = H Lo
R, H3 G RARNEE AR E 7B e i A2
AR BE S DL RS A R R RE S ORIE 3 f AR AL BE [F] B4
P Rk ER . 3 B APLEE R SEE = AP B R, Gl
THEAHL G AL 15 53 B 57 A RE 5 50 o 1 b AR B DU 4
7 B AR/ o SR, 22 HRRBILAS > 0 B st AR B 40
B BRAR S 7 A 0 RGBS 5 530 A 0 114 38 A B 3]
THRR A b IXRT B 55 2% B A% i 45 ) R B 1 P
K T HE, e RER RS A L AR MEAS B R, Rk, — gk
TR 53R AR A S 1 1) 7 =X S BT B s 14 H A 9 b 22
4N, SCHER [ 10 1 e Ml 4 UG B i) ~F- 349 0 1 >k 1) W H A
SR RO, R OR B U i 7 R AR R i sl g s

Ul ) e ml b HEAT R BAR RO B AS B . TEAE S
e, B TR AP B An AR — KGN i, S
HR L1 R 7% 2232 o) RS 06 22 3t 5 5 38 34 i e DG4
SRS RRAR B S X SHE P X B AT PR 0 L A% G A
DA S o BB i) 258 ) 46 T P B R v L AR 25 5
WA GO o Bt R A 1) A RN AR (R 2E 20, e il
O AR WO A B P H AR A 3 T H . M T3R8
i A EARAS I 5 i, e AT A AR B A g Y ]
PR MG B R, RR RS 4L 2 B A iz 3h i 4 v S A R
Ak, DT B A8 TR o 1) 5t SR i, SciER[ 12 )R H
e R BIL 0 A5 35K 7 T R IR 00, K 22 1 4 S AR v o 3
150 Hz A5 R g0 b, B H ARiz sl B v i N4 s A
A A A A RT3 3 B 5 R RS [ ]
RO EROE S AL, 25 G i KR IR EFE R,
ATA RO P E AR IE 2R AT AR N % b B85 Sk [ 13 [Tt
7200 fps I EIMECREE R GE , F-H8 oG24 3k Al By B 3k
FARARBE I B R A i, BRI S 2 EUR M Ab B . 5
G REAR LY, B T i s S BRI H AR b B 5 1k g
il B A A M A B B H AR 032 SRS R AR ) R s
B P A ORI . BE AR, E A AR R AT LA
455 HA AL AR s , NOL R I8 (A AMEIRER A S 2
AT B Rl A A 3, DTG HE— 25 52 5 % 44 H AR i k)
SR RE T, B I vk R AR T R R
1.2 IRBRE

Sy it — 204 e E AR U B PR b A
M R T B DR A — K (), IR BE MR R PR K H AN
WL AR R BEHLE T 75 S5 XM E S T RE &
B (5 IR A 7E—&, (15 B (55 22 15 B0 slofE DL 53
o B E MM, SCRk[ 14 1T TR T Z2EE AT
YUt A BREE L i G SR S MR
FIRAN IR EE T A MRS | SEEX RRAE X SR AR SR ZUE
BSR4 P EUE B AR R G ERE T B, 52w HAE
SR ABE TR AT R o AR GRS AR MEWE X A R BOR
PRI SCHR L 15 15 ] A b 28 I 48 155780, 44 8 PointPillars [ £6% 4
VEAT , 0 2ok R B Pl 28 0 4 T A7 RE AR B2 S 0, o S FE
KITTI 4 5 LTI 255 50 0E , {52 78 52 Fr 0 ) i R 5%
W BRI S 52 S I DU A A A o) R S
oA Je (AR AR ELBRAR . SR, SRk 16 X ik vk
55 B B I £ AT 0, SR FH X4 B A T VA X ROLIX.
BT S A, DA R i AR IR SZ T B 6 H AR R
BRI USCEE BE 77 5 SR )5 A Transformer R4 485 AF 42 B 5 il
I 5 o i 308 3 9 Rl S 50 B UE T % TR R b

b Lk kb, 2 RS EARRL A TR ) UL R AL
2 2 ST VR AR DL ok ehost H bR R e 0 R R 1Y
ERRPETON T R R A B RS I T G Ik Y
W 5 SCbR 0 2 CE 2, AN AT & B bRkl & 48
B 7 B LR A 5 RO Al g s e R 2R, DDAt o PR e AT



. 202 - BT T

2025 4

FEME .
1.3 SRt

X T i R B F bR ok D5 , R R AR — R AR
JEPRTE R A AR IS SN B, AN e XA T P rh sk
R 28T, 30 2 % 5 0 Bl e R 1) A A2 A, A )
() 24 5 B PEAT A% BRI 5 4% . il STk 20 ] 83t T
TTNet #1228 M 28 254 SR FH 24T 55 TR~ ) Rt S5 Tk
TEA ZJNG BE BRI $E T KRBT 1 S 5 SCk[ 21 1P
TR R AR G AP Y SE IR R B e T AR LR
H—FP 5T GPU BIFAT AT 1%, 080 1 3], K
RAR S 7L S H I TR DA i A S I R P )
SR, AR PR RE R MR A, O AL Rk R
FPE o WeAh RIS H bRiz sh Pl i 5k |, 455 S
Bl N FAR e SEAL e DR A B R R v 4 L S
e A PR AR S H

£ ERTIR  AE R e F AR iU i e b 2 18 B4 b
FARRIRNEL N 1 (USRS, T R FoR  WF e
N GRS 45 o i) RIS AT 6 AL RIS, (BT A 9 0[] e
PAFHE] — R 5 i bk J5 58, saT 5 B AR LT b 26 AL )
AR i PR T7 58 TR G 0 1R RN R RS H AR O IR BIRS
JEE 5 S A Sy g ) e 4R 3t R SR

Table 1 Multi-domain vision algorithms
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Fig. 1 Force analysis of rotating target
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Table 3 Multi-domain trajectory prediction methods
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