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YSVD — Tea Algorithm for Tea Bud Object Detection
Based on Few Annotated Samples
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Abstract; Constructing a large-scale dataset for tea bud object detection is a time-consuming and intricate
task. To mitigate the cost of dataset construction, exploring algorithms with a minimal number of
annotated samples is particularly necessary. The YOLO singular value decomposition for tea bud detection
(YSVD —Tea) algorithm was introduced, which achieved the reconstruction of the YOLOX structure by
replacing the basic convolution in the pre-trained model with three consecutive matrix structures. Through
dimension transformation and singular value decomposition operations, pre-trained weights were converted
into weights corresponding to the reconstructed algorithm structure, thereby separating the weights that
require transfer learning from those that needed to be retained. This achieved the goal of preserving the
general semantic information of the pre-trained model. Training and validation on three datasets of varying
sizes were conducted. On the smallest 1/3 dataset, the YSVD — Tea algorithm showed a 20. 3 percentage
points improvement in mAP compared with the original YOLOX algorithm. Comparing performance
metrics between the test and training sets, the mAP difference for the YSVD — Tea algorithm was only
21.9% , which was significantly lower than YOLOX’s 40. 6% and Faster R — CNN’s 55.4% . In training
with the largest complete dataset, the YOLOX algorithm achieved precision, recall, F1 score, and mAP
of 86.4% , 87.0% , 86. 7% , and 88.3% , respectively, surpassing the comparison algorithms. YSVD —

Tea algorithm demonstrated superior suitability for the task of tea bud object detection, especially when
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confronted with a limited number of annotated samples.

Key words: tea bud; object detection; singular value decomposition; small sample size; genetic

algorithm; YOLOX
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Tab.4 Detection performance comparison of models

on 1/3 dataset %
TR mAP A ol & LR F1 {8
YOLO v3 25.1 19.0 38.3 25. 4
Faster R — CNN 21.9 15.6 33.2 21.2
YOLOX 40. 6 48.7 43.8 46.1
YSVD — Tea 60.9 61.3 57.7 59.4

£5 WEAE 12 HiEE ENRTMEREIT-HTL

Tab.5 Detection performance comparison of models

on 1/2 dataset %
TR mAP 4 [l % it F1 {8
YOLO v3 40. 6 48.7 43.8 46. 1
(a) AL (2 (b) 5 SN () % SR, Faster |t = CNN 37.6 46.1 39.4 42.5
T Z WL T2 I YOLOX 61.7 64. 4 56.2 60.0
K7 YSVD — Tea iy X {5 0T 4k YSVD — Tea 76.2 74.3 69. 4 71.8

Fig.7 Semantic information visualization in YSVD — Tea

S H R T AR LA B 5 YOLO V3[26]\Faster R -

R 6 BT T EHR K RS T M B8 IR Al X bE

Tab.6 Detection performance comparison of models

CNN"' YOLOX"™" J yk i PEREFG b, 45 Nk 4 ~ 6 on full dataset %
7R o ) mAP BE%E  FHR Fl f
T 4 TN E], 7EOCHE 1/3 B SR Yoo 0.2 468 s83 5L
m—F , YSVD — Tea %:%E/‘J mAP :@@J 60. 9% N *H%—é Faster R — CNN 62.5 52.4 70. 6 60. 2
. YOLOX 74.1 61.2 81.2 69. 8
Z T, YOLOX ffy mAP {75 40. 6% , 1fii YOLO v3 A1 YSVD — Tea 88.3 87.0 86. 4 86. 7

Faster R — CNN £ & i) mAP 4> B4 & 25.1% #

21.9% o M R BETEIX — B MR T R BB 22 T
YSVD — Tea FyL7EA FREEA bR B 225 a0 L 3.
MR R ORE 12 (BB Ik S FoR,

YSVD — Tea B3 1) mAP BT Z 76.2% ., I
Z T, YOLOX f# mAP ¢ K 61.7%, Ti
YOLO v3 I Faster R — CNN #% B ) mAP 43 5| /¢ 2
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Fig. 8 Comparative algorithms mAP performance on

different dataset sizes
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Fig. 9 Detection performance evaluation of model on training and test sets
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Fig. 10 Detection results of different algorithms for dense and sparse targets

R, 3T 91 A X R A B R B A Y
Li Lk, YSVD — Tea 55 3% 16 i it H AR #1 % 4E H AR
PIFP 5 T R B A IR AR TR
Wbk ISR T A AR I A5 R A I £ 2R A
MEET,

Faster R-CNN

(a) Wi H AR

N R RE

YSVD — Tea B3 53t A RE o B 00K 90, It 3 2
(EBHE AT T L YSVD — Tea 526824 th 8L £
BRI T8 B 4R R R L 17 2 R B
K25 R E T YSVD — Tea 585 763X B 13

e,

BTT AN TR 5k A A 0 45 2R

Fig. 11

YSVD — Tea 57 % 2 B 1 GE {1 ¥ (9 T B J5L 9
T, FEX T A B v i) 3 SCA R, A0 O B8 2 A
BT HAb XS SR O B2 . BUIZREE A R 45
F0 T SCRFAE , G AP A A5 X B 4 F A 1 IR 22 5
I, YSVD — Tea 5394 iz 55 A7 200l 4 BRI 26 5C i £

Comparison of different algorithms in object detection

B R B E BARm 55 T A T ILE

T 3 L HE B Sy 0 A T P BE

2.3.3  HETDHEREA Y FBRE I A G X 1
N T RAVEAG A RFEAE BT 1 B bR A6

fE A SCXT b 3 AP, 43 B ASPP — YOLO v51%% |



310

P A1 M S 4

2024 4

YOLO v5s — Ghost ™ 1 E — YOLO™' | 3 %6 J7 v 9k
FH T fife e T ] 00 32 U0 L A VR ol 5 R R K R B
TG I ] ST, T) Hef 3¢ 6 3k B A O X 2D i R A )
B TRk o Ry 6 IE X S B R AR AT BRAE A 1
T HIPERE, SCI HE ) 1/3 BRSO B4 . X L 45

R TR, 0T LR B YSVD — Tea 515 1 45 T P4 B
febr L3Ik B e, UE T HAE A FRARA B br Al
5 P A k. BT SVD Jy v 0 151 I 25455 4 4
TER RS R FR R BE , YSVD — Tea W 45 75 2 2] B FR1E
{14 T St A B3 1 B 22 1) T U1 0 4 TR R E TG A
THEA Iz ARE o P, 75 BREE A B bR A I AT

%, YSVD — Tea B35 M1 8¢ T HAb J7 1 R BB AF
JEBL T AR A BREEAE BT (9 H A7 R 1z fE

3 &XRiE

ARSCHE ) YSVD — Tea H frds i 5532, 567 4F
Sl R AE N RIS SRR AR R
mAP y 88.3% , #f i F S 86.4% , A Il K K
87.0% ,F1 {H°H 86. 7% . %55 138 i 45 508 53 it 4%
AR o AT, A R T N AT 2 A AT 45 A
O B8 TN AT AL o S5 B TR 488 T2 1k Be

FEARAREREA T, YSVD — Tea F3E M AL 80 3%
RIH NAE , HOE T A bn TR AS 1 25 28 H An A
WAL S5 o Meobh, 4 e 48 &R Ak X 2 B otk it —

®7T ETOEMERN BRGNS EEREXLL

Tab.7 Performance comparison of few-shot

object detection algorithms % n .. . .
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B wAP  AEE RWE LA S ‘ e
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= YOLO 471.3 332 2.1 33.6 e R LR AL RE ) S ARt T — Ml A7 i

YSVD - Tea 60.9 61.3 57.7 59.4 .
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