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Abstract

Addressing the inefficiency and strong subjectivity of manual inspection, and the problem of
blurred boundaries in small-target pollen detection from microscopic images, this paper develops
a high-precision automatic detection method. A microscopic image dataset of six pollen types from
the Yan'an region is first constructed, involving 912 raw images with 1,351 annotated targets, and
is expanded to 9120 samples through brightness perturbation, noise injection, rotation and flipping.
Two improved YOLOv8-based models, BiFPN-ATFL and Wavelet-CG-C2f, are proposed. BiFPN-ATFL
delivers reliable gains in multi-scale detection, while Wavelet-CG-C2f achieves an average detection
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accuracy of 80.3% and a recall of 82.1% under complex backgrounds, with the mAP for Pinaceae
pollen reaching 98.0%. By integrating wavelet convolution and a context-guided mechanism, the
approach effectively alleviates high-frequency detail loss and interferences from dense particle ad-
hesion, offering a dependable technical pathway for pollen concentration forecasting and allergen
screening.
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Table 1. Statistical table of pollen morphological characteristics
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Figure 1. Experimental pipeline
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Figure 2. Wavelet convolution module diagram
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Table 2. Software and hardware environment

2. REHIMERE

HiAH BB
CPU 11th Gen Intel(R) Core(TM) i7-1165G7 @ 2.80GHz
M A7 16GB
GPU NVIDIA GeForce GTX 3060 (8GB)
BER SR Windows10 (64 £i7)
TR 2 S RESE PyTorch

3.2. MFEESEIRHER

NPRUE AN 271, T R A7 R — I Z0/30 /DN A 7 B 205 VP A SR — Z0A ol 18 5 SR et
BN HER L SRR SRR BRI ZE R4, ASINBUNER .. ASCRE R N=)R: H
— R PR RILE 3, & 4), WEZREIFARRENE; K 2IONEARRAE 5, % o),
SRR RS L =R mAP 5455 mAP (WK 7, & 8), PROR I REAA A AE

Table 3. Accuracy of BiFPN-ATFL on the Test Set (%)
7= 3. BiFPN-ATFL UK SR (%)

B HPHER S AR e Z0 A
YOLOV3 59.0 294 49.6 64.1 514 333
YOLOVS 68.5 51.6 61.1 76.0 63.8 61.9
YOLOv7 61.0 29.3 26.5 64.3 51.6 33.1
YOLOVS 76.3 55.0 49.9 88.9 68.6 72.7

BiFPN-ATFL 78.5 535 53.2 88.1 69.1 75.2

Table 4. Accuracy of Wavelet-CG-C2f on the Test Set (%)
= 4. Wavelet-CG-C2f f2 BN 82 7R (%)

BA FrE R AF AER Pt LZL WA
YOLOV3 59.0 29.4 49.6 64.1 514 333
YOLOVS 68.5 51.6 61.1 76.0 63.8 61.9
YOLOV? 61.0 293 26.5 64.3 51.6 33.1
YOLOVS 76.3 55.0 49.9 88.9 68.6 727

Wavelet-CG-C2f 78.8 54.6 49.7 94.1 71.1 68.1

Table 5. Recall of BIFPN-ATFL on the Test Set (%)
% 5. BIFPN-ATFL 1R EMK &£ B E (%)

Exic) AR A% AER NS Lz A
YOLOV3 89.2 24.1 59.3 87.6 91.5 85.6
YOLOVS 89.4 223 62.7 88.2 91.3 85.9
YOLOV? 92.1 39.9 78.0 94.6 92.1 88.7
YOLOVS 89.1 534 734 95.7 90.9 90.1

BiFPN-ATFL 874 46.6 69.2 96.2 90.0 88.7
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Table 6. Recall of Wavelet-CG-C2f on the Test Set (%)
7 6. Wavelet-CG-C2f #E AN & B [E1 2R (%)

Exic) AR A% AER N Lz A
YOLOV3 89.2 24.1 59.3 87.6 91.5 85.6
YOLOVS 89.4 223 62.7 88.2 91.3 85.9
YOLOV? 92.1 39.9 78.0 94.6 92.1 88.7
YOLOVS 89.1 534 734 95.7 90.9 90.1

Wavelet-CG-C2f 89.9 52.0 64.8 96.8 89.1 94.4

Table 7. mAP of BiFPN-ATFL on the Test Set (%)
%< 7. BiFPN-ATFL #£2MiR ££ mAP (%)

B HHER S AR At L WA
YOLOV3 83.7 49.6 71.4 88.6 84.3 83.1
YOLOVS 83.9 494 72.7 93.2 84.1 82.8
YOLOvV7 77.2 213 30.5 86.2 69.4 54.5
YOLOV8 86.6 572 69.3 97.7 86.2 84.7

BiFPN-ATFL 86.6 54.9 67.2 97.8 86.5 83.1

Table 8. mAP of Wavelet-CG-C2f on the Test Set (%)
%= 8. Wavelet-CG-C2f fREUMRK £E mAP (%)

Exic) AR A% AER N Lz A
YOLOV3 83.7 49.6 714 88.6 84.3 83.1
YOLOVS 83.9 49.4 72.7 93.2 84.1 82.8
YOLOV? 772 21.3 30.5 86.2 69.4 54.5
YOLOVS 86.6 57.2 69.3 97.7 86.2 84.7

Wavelet-CG-C2f 86.9 54.9 60.1 98.0 86.1 85.5

M BiFPN-ATFL 58 E, WHAEMEL BRI mAP, HARIRESMRE, W SuHEE R
Neck 45149 BERSTEOR BE /I H AR SUHR 2 2 (1) [F] I S80S0 4 R 2 A0 0 SUAB 3 . F TARAFIARRRL, I e %
BRRRATAEIRTE, sk, Rz EARTE RSSO F R ARGRMATIE . X—IHR 5 B EE+
R LA 2 . RPN FUBURDRG AT O, 77 S48 5 ) BN A s R B 20 o — A i .

L 71 5R S ATUEH, MWARSUEHRERHEL T R4 YOLOVS, (HARHKIEAE: BiFPN-ATFL i@
i SGeRES EREAEE A, R B GE 2 RE BRI IAR E s Wavelet-CG-C2f JB I AN T R B 5 1R
SIFEM, FERAFEEMESERE SR NI oM. FIR RSO IR AR %, R RS
B SR BRI SO, R A A2 28 SO 2 R R

3.3. HRRSCIE SIREST

79 8oR, HHMA BiFPN B mAP H 0.786 #&F+2 0.791, 181 2 RERE AR A A 5 B m) 7= A
FaEiiat; WM ATFL B mAP 4 0.788, #2545 /IMEXT R EAEA 2E S 3. A AR F] 0.793,
TF A4S 1 0 5 35 2 B INAUIEAE HoAR . % 10 BoR, Wavelet-CG 5 C2f 2 BT B 7 M s: AT
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SR E AN, BEEAEER S SHRCER, BA 5 mAP 153 0.803 H FPS [MI A2 155.7, W ZAE
1E “UEHRR - " EHRE T

Table 9. Ablation Study of BiFPN-ATFL
7 9. BiIFPN-ATFL ;HRASCIE

e Yo BiFPN ATFL mAP FPS
\ x x 0.786 161.8
\ \ x 0.791 153.0
\ x V 0.788 153.1
\ \ v 0.793 152.5

Table 10. Ablation Study of Wavelet-CG-C2f
& 10. Wavelet-CG-C2f jHRASEY

B Wavelet-CG c2f mAP FPS
\ x x 0.786 161.8
\ \ x 0.792 143.7
\ x V 0.798 148.5
\ \/ Y 0.803 155.7

RERIE A B, AP HmAE R H PR IAEER, SECE MR/ NERE: B, %
FERE X IRTE NMS B BURAEARATAERD S, 51RIRE: 235 =, Je NS RE A Z M 7E QU 2 TH 5 46k Uk
JRAERHAL, R BB, RASAKBEBERSRIMFHE LRSI, 438 RIF. Xt
b, AR SCSCRE SR TR AOR L R SRS R R SO R R AR AT IS AR, o SR DU SIS ) )
G B2 2 55 28 SR B 2 SR AT I B A

Ak, GG R A IR AR VR IE A FE (LI 3) S AEM BRI AR VDTS SRR E (AR 1)IEAT 2 XU AT
PLRIL, BRIEARAFHS 5 FEE R 2 (RAFAE— B P B DRI VG, 0K A 1) 240 5 A5 284 218 1) 00K 5 1 2 %
ZERIELZ —

e 1 alAL, RS RERS LEREBORERE, MARAR R mERE, 37 4 BRSSPk
BRI IS AR BE AR AL . MWBOMLER BSR4 7RSS & 3 T [ WURLIR SUG 5 R AR} B 2 1) SR A LRI AR B
SN R R . AR, AR A A R AR SR S AT RS, FBOX LR 1 AR SR
S AE BRI A% 5 R A RGBS B R R, A 23 R R AR R AE 2 1) o Mk DA L I A R R SR B . R
ARICHEH ) Wavelet BURTE— @ F2 B RO T MR IR o, (HEXTRIE AL Guit LA EE
B DX R AT, R 220 A [ YA 908 20T A7 7 J= BR A

N SR PPA SO AR B TR B 2 RO R R B SR BRA ARE AR SCHE IR AR O T R B AR
e T TSR A BT L B S B B R MR A, o R AR G ASE R ) T 5 SR AT T RS
AT B (UL P 4)

Wi 4 frzs,  AETH IR T WA A0 54 TR L BERE AR T, 2R 7Y YOLOVS HIL T 5H
A2 IR A 5 7l 22 (0 B AR 21 5 AR VE TR ) o A B2 T, BiFPN-ATFL #5 AY i sk n] 2 5] (1) 5 RO HF
TERR A 5 B B AR SR AL, RSB R 5 T £ 0 B N ROBE R B RO H A e i 5 4 [l R
A R T IR IR - M 7E S HPRAR M 1 B SRS I I o, Wavelet-CG-C2f AU R I T 51 BRI & A 1
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Figure 3. Normalized confusion matrix

B 3. fRENIRERER

(@ (b)

Figure 4. Qualitative visualization comparison chart. (a) original image; (b) baseline results; (c) improve model results

B 4. EMAMAIRIEE. o) BE; (b) BEER; () HEENER

3.4. #MFEIRIESEIS

BEXEH WL, ASCREAT T Ses, S5 RICE AR 11. Rl A, IR/ E i 27 b s 39
RepFEEYest, HMETARES S, FIRMONgESGE. T “REMNASRE” KR8, st
S YR IEACEE YOI 9SG 2 TR — 20, AUB B M S BUR R B SR T R TRAREIE R ) ) R
T R SEIG SR I HERE Y B AT THSOT A, (H FPS PR FFAE AT B X ]
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Table 11. Summary of key results and relative gains

F 11, RBERLE G5B

E S0 YOLOVS BiFPN-ATFL  Wavelet-CG-C2f MXTEE R
PRSI 21 79.0% 2179.3% 80.3% Wavelet-CG-C2f f
FA%} mAP 97.7% 97.8% 98.0% LEBeis 2ty
PR M A 4 [ il [ = ATFL 5 CG B %%
e Ly i i AT 2 T A U 5 3K
HIARE R il L= = Wavelet + | F R4 B &

4. I RLWEBIHRZH ST

RN BIRTERAEE, AT T ZRY BN £, %SNS EMEEE . IR
FEAF KA AR5y, SHRTUERACH]. e, R0 51 mAP. 455 TR Wavelet-CG-C2f fEAN
[FRY B shie /N, B IR A SREAR Z AL B BOmIE N . 5, BRI B B . B
FEARFZIEWEE 2> N m s A AR =, SR TR AR T 2L AR SR 2R AT PR R IR 25, R Bl &
etk 3=, W BWREEDEHE . BRE BRI NG P R, EEEMTD LT CES
HURI e 3 I 5, 7 B3R R R 5 28I T S 2R i A
5. &g

AR T S X Ak B UG SR 2, J+32H BiFPN-ATFL 5 Wavelet-CG-C2f % st
YOLOVS Kiilll 5k, SEoGLE RFBH, SO RISEREIR . BEFEM mAP LA T4 YOLO R
B, Hr Wavelet-CG-C2f fER 441 5 PR MERE I, MARHEN mAP 1A% 98.0%. WFFTUER, [ 1] B4
/INEAREIIESS, B AR 58 5 R SCERESE & TR R BEAE Gt G R AR BIR IR . JE4E
TAEKY 7o X B 35 NiZfe 2 2 5oc2: 3], DMRTHINEEAR Sz 1h R

BER AR

R 7 ARHE R B G AE R R A DI ) R AR A S R R, AR T R L X 6 AR
EAEGEIREEC AR EATTE. FFARNRELD GitHub “F & U5 W 3R GE 35 s, Ui 5EE -
https://github.com/lanikea/Pollen-Detection-Dataset.
S|

B FIMER ST 5 SCBET IR S, B S0 = [F) A 7R 50 R SR TR SR . A AR
3 TAEAS BIRE 22 R 22 SR I H B B

SEEk
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43(8):56-66.

[3] FBFRE, 2, 2G4, 55 AR XL I A S0, H B B S e Sk 2 4h L 2021, 28(5): 301-304.
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2023, 18(2): 240-243.
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