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Accurate Detection of Sandalwood Seedlings Based on Multi-modal
Remote Sensing Image Fusion
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Abstract; Sandalwood seedlings rely on companion plants during their growth, which are often
interplanted with other crops, resulting in a complex growth environment that makes accurate detection
challenging, thereby affecting the effective assessment of sandalwood productivity. To address this issue,
a lightweight detection algorithm, ( YOLO v8n improved for sandalwood plant seedlings detection, YOLO —
SPS), was proposed based on multispectral image fusion and an improved YOLO v8n. The SwinFusion
model was utilized to fuse near-infrared and visible light remote sensing images of sandalwood seedlings,
enhancing their texture and color features. The cross stage partial network fusion_spatial and channel
reconstruction convolution module, which combined spatial and channel reconstruction, was introduced
into the backbone network of the YOLO v8n model to improve feature extraction capabilities. The partial
self-attention ( PSA) mechanism was incorporated into the neck network to optimize global perception and
reduce computational costs. Finally, Shape —IoU was adopted as the bounding box loss function to further
enhance detection accuracy. Experimental results demonstrated that the YOLO — SPS model achieved
precision, recall, and mean average precision of 92.8% , 93.2% , and 95.9% , respectively,
significantly outperforming the original YOLO v8n model and surpassing five mainstream detection
models, including YOLO v5s, YOLO v6n, YOLO v7 — tiny, YOLO v9 —t, and YOLO v10n. The
research result can provide effective technical support for the precise monitoring of sandalwood seedlings
during their early growth stages.
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YOLO v8n— AKConv ~ 87.7 88.5 94.0 2.7x10° 7.5x10°
YOLO v8n— RFAConv 88.6 87.4 94.2 3.2x10° 8.1x10°
YOLO v8n— C2f_

SCCony

%

§

e

YOLO v8n—F

89.1 90.2 94.5 2.7x10° 7.1x10°

ARTE PSA T T AL A KA A A4 4 i AG AT
% b Ve RE o JL AN WL TE R SETY L CBAMTY
SimAM ™" 53 5 % i £ 7] — 47 B 5 PSA 38 1 HL
HEATIR S IR A5 S 3R 3 iR, W3R 3 Al 4 Fif
TE 7 WU 0 24 RE A BY P RE R T, Frp, B PSA
TE R 7 B RORS B 58 4 0] S B RS B2 1 R Ak 7 45
Je AL, 43 ) 1% #] 89. 6% .89.8% (94. 1% ,UEH] T
A 7 AR )y ARG I AT 55 v B A B
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Tab.3 Performance evaluation results of different

attention mechanisms

it AT SR

RS REER
i) VAR VA $ -
i piiy
% % /%
YOLO v8n — SE 89.4 88.6 93.4 3.2x10° 7.9x10°

YOLO v8n—CBAM 88.3 87.6 93.8 3.6x10° 8.2x10°

YOLO v8n — SimAM 88.4 88.5 93.7 3.0x10° 8.1x10°

YOLO v8n — PSA 89.6 89.8 94.1 3.0x10° 7.8x10°

AR FEA ] 451 2% b 5000 A6 R 1k B 19 52 i, 3 ]
K H CIoU SToU™" \WIoU'™' MPDIoU"™' i Shape —
ToU {2y 454 % oR B30HE A7 % bl 56, 30 50 45 2R 3¢ 4
Jr7s o W12 4 )R, e H Al 2 80 AR [ I, SToU
Wise — IoU .MPDIoU ,Shape — IoU 43 5| fifi 3F- 24 %5 J& 1y
EARR A AL A 1.2.0.3.0.7 1.6 N H 3 8. H
IRl &, K Shape — ToU A Jy #5521 14 451 2% pRi %L,
FE A% S I 1 A A T R &0y B ) R R R R 22
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Tab.4 Performance evaluation results of different

loss functions %
51 2% pRERL LES PEN IS SRS B ¥
CloU 88.7 87.9 93.1
SloU 86.3 87.1 94.3
WloU 89.3 89.8 93.4
MPDIoU 91. 1 92.3 93.8
Shape — IoU 92.8 93.2 94.7

S A KR v G K
3.1.3 AR
Ry ik — 25 B AIE A SCRE AL YOLO — SPS 4% Bl aff 5%

v8n — F Sy BEL AR ARAY 1.2 .3 J3 5 S A T M 4%
Frgshn C2f_SCConv , PSA 71 7 71 #L il . Shape — IoU
N G TR ¢ e o el 4 LG T I/NG 002
SCConv FEHL 1Y [F] I 73 i PSA 12 s MLl , 150 45

mFE S Proas, hFES AIH, 7L YOLO v8n 81 +
W2 5] A C2f_SCConv BB 5 , 455 HUKS 8 5% | A [l
VXK B B A R T AR LA A g3 i 4R v 0.3,
2.3 1.4\ RN PSA TEE I HLH, LAY
Rl A8 A ] 38 P HRG 88 249 {0 RH 450 T SR AR S L 93 Ji1)
P 2.3.2.6.2.0 ~H 43 A X T REL AL,
YOLO — SPS 7 {3 4 5 £ A 114 [6] I A5 1 58 4 [m] 5%
-ER B YE 3 ) 5 4.0.5.3 2.8 N 4R IE
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Tab.5 Results of ablation test
FAY C2f_SCConv PSA Shape—ToU iR/ %  FER/ % FHREELMYE/ %  H5 S5 FHEHE
YOLO v8n—F X x x 88.8 87.9 93.1 3.2 x10° 8.3 x10°
1 Vv X X 89. 1 90. 2 94.5 2.7 x10° 7.1 %x10°
2 x Vv X 89.6 89. 8 94. 1 3.0 x10° 7.8 x10°
3 X x vV 89.0 89.5 94.7 3.2 x10° 8.3 x10°
4 vV vV x 91.1 90.5 95.1 2.8 x10° 7.0 x10°
YOLO — SPS Vv vV vV 92.8 93.2 95.9 2.8 x10° 7.0 x10°

TV FRR I (973, x FOoRAR A (F78) .

3.1.4 R [RI R BY 1 fE 1 5

B UEAR SCRE AL YOLO — SPS 70 M8 4 14 4 1
A%, 5 YOLO &4 v 24 B gt 47 /9 58 4 9 F
Fre & 3 ( YOLO v5s.YOLO v6n'™' [ YOLO v7 —
tiny'?) \YOLO v9 —t"*' [ YOLO v10n) #£47 %} Fe it 36,
AR K 6 frs . Hh YOLO v8n — R N fEf
A AT ILE K a4 b R AT IR AR R R Al A R 8
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Tab.6 Performance evaluation results of different

detection models

- W AR CEHRE A R REBR
/% /% PIE/ % i i

YOLO v8n— R 84.1 85.8 90.2 3.2x10° 8.3x10°
YOLO v8n—F 88.8 87.9 93.1 3.2x10° 8.3x10°
YOLO v5s 86.3 84.3 92.4 7.0x10° 7.1x10°
YOLO v6n 84.2 84.0 91.4 4.2x10° 1.2x10"
YOLO v7 — tiny 84.4 83.8 91.7 6.0x10° 1.3x10"
YOLO v9 —t 90.8 91.6 940 2.0x10° 7.7x10°
YOLO v10n 91.7 92.3 953 2.7x10° 8.2x10°
YOLO — SPS 92.8 93.2 959 2.8x10° 7.0x10°

1% 6 W[ %1, YOLO v8n —F 5 YOLO v8n — R A
LU % Il P RS RE B 4 R 4.7
2.1.2.9 A E G5 mi, B 48] SwinFusion A5 il

GRS T U 50 208 B R s B A
R BRI A T AR G b 0 B AME S A
FEAE , DT $5 A 7 RS &0y 1 9 1L R B A
AU BB A% ST o o TR0 A A R 408 . YOLO — SPS 7
PRAEA R 2 5 A 04 [) B, R 3 38 A ] 38 - S48 B2
BUE S THEdr £ M. 5 YOLO v55 . YOLO v6n,
YOLO v7 — tiny ,YOLO v8n ,YOLO v9 —t #H 1, YOLO —
SPS [ S 0K5 B 4 {H 4 42 F+ 3.5.4.5.4.2.2. 8,
1.9 ANHES 5. 5 YOLO viOon 4 ., YOLO — SPS 7
SHCRME T RSB AR 7.0 x 107,
[F] Bf - 48 BE S (4R T 0. 6 A 43 .
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7 1 e W R 7S A [] 4G 0 A58 A X B A X
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R ORI TRl &5 R A D B A YOLO v8n — F ¥ f7 7E
WM 4, {3 YOLO v8n — F #i % & ML T YOLO
v8n— R, ] YOLO — SPS & #1 H 45 & U #4 ) ¥l 5
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Fig. 11 Detection heatmap
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