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Lettuce Core Detection Algorithm Based on Improved YOLOVSs

DAI Yingiao, XIAO Wulong, LI Bailin, LI Li
(School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, Sichuan, China)

[Abstract] Precise crop row detection is crucial in intelligent agriculture because it significantly affects the
navigation and harvesting capabilities of unmanned harvesters. Crop row extraction accuracy is affected by factors
such as slanting, displacement, and lodging during lettuce growth. This study transforms this issue into a target
detection problem focusing on the core area of mature lettuce and proposes a target detection algorithm. This
algorithm is based on YOLOv5s, a widely adopted target detection framework, and incorporates a dynamic
convolution module into its backbone network. By dynamically filtering out background interference from feature
maps, it preserves important detail‘features in local areas, thereby enhancing the network’s ability to learn the
features of the lettuce core. Additionally, the Feature Pyramid Network (FPN) structure introduces a multiscale
fusion module based on dilated convolution and weight sharing, ensuring effective retention of target structural
information after multiple-downsampling processes, which is beneficial for detecting small targets such as lettuce
cores. Furthermore, the CARAFE upsampling operation is introduced to fully utilize the contextual information
during the feature extraction process, thereby enhancing the network’'s ability to extract small target features.
Moreover, a new loss function based on the Wasserstein distance and SloU is proposed to address the sensitivity of
traditional IoU methods to the positions of small targets and accelerate the fitting speed of the network.
Experimental results demonstrate that the improved algorithm achieves an average precision and recall of 0.586 and
0.574 for lettuce core extraction, representing increases of 6.1 and 6. 3 percentage points compared to those
achieved by YOLOv5s, respectively. After detecting the coordinates of the lettuce core, the algorithm uses the
least squares method to fit the coordinate points into a straight line, thereby obtaining the central line of the lettuce
crop row. Experimental results indicate that this algorithm significantly improves the performance of the original
YOLOvV5s model in detecting lettuce cores under different lighting conditions, thereby enabling a more accurate
extraction of the crop row centerline.

[Key words]) object detection network; small target detection; attention mechanism; multi-scale feature fusion;

crop row centerline
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Fig.1 Comparison of attention mechanism

implementation effects

&% 1 Pseudocode of BRA

BN features(H,W,C), Assume H=W

Ml features(H,W,C)

S: square root of number of regions

k: number of regions to attend

1. x= patchify(Input, patch_size=H//S)

2. query, key, value=linear gkv(x). chunk(3,dim=—1)

3.query_r, key_r= query. mean (dim=1), key. mean
(dim=1)

4, A_r=mm(query_r.key r. transpose(—1,—2))

5. _r=topk(A_r,k). index

6. key g=gather(key,I r)

7. value_g=gather(value,1 r)

8. A=bmm(query, key g. transpose(—2,—1))

9. A=softmax(A,dim=—1)

10. output=bmm(A, value_g) +dwconv(value)

11. Output=unpatchify(output, patch_size=H//S)

bmm: batch matrix multiplication; mm: matrix

multiplication; dwconv: depthwise convolution.

BRA = HLG BN 2 s .

SRELHRR

B2 BRAFEZNHLEIEE

Fig.2 BRA attention mechanism principle
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Fig.8 Comparison before and after image process
U3 2 DR AR DR IR IO A s TEIL AL v
J7 T 2% SR KRB R AL B 5 2K LA S Zradt B i
Tobs B8 BB RR I AR SR BEAILAS B [ (SGDI VR A
s LIRS P 2 I 28 ) 20 e

R RAESE S 1 2P B RS G )1 ZRBE
¥ E A 300 Epochs. JFE BT A [ K (Recall) . F
Y5 B (Average Precision) .24 & (Params) .
R 2R (GFLOPs) JWGH 3 (FPS) 5 ATl hr ok



5245 F6H/2026 £ 6 A/ATENTRE

359

PR PR RE

A Il 8 A I EAEA TR IER U A

P EPRERA L : LUK B3 AL B 4 1] 3 e il
ApbRB) AR TR 25 TR R R
REA 4 I b A B ASE R ) PR B

FRISH 48 TR rp i Ay n] I A S 5L
R BRSO N B I R Y 52 2%
X REF BRI oR

BRI 2R AT e B R rp 1 s NPT
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SRBOHER L PRI R T S A (i ey L AR ) 52
R A 57 B B3, o 328 47 RCR AR Ak B A e
G AL I Bl e A AR 5 At S R G
2.3 WIEXBELERZH
2.3.1 Bi-CBS B PEREXT LS5

1 TR A T8 I 7 SR A 2% A AN ) B
() Bi-CBS & ARSI T I 25, BIFE XS AR P RE
HRIT R . LR IFELA ] YOLOvSs,
FEH T M ERIZ(.2:4.6 2D 4RI 1.2.3,
4 A~ Bi-CBS BT BRA FE R P

F 1 F[E Bi-CBS =B S TR E 14 B8 i R M
Table 1 Effect of different Bi-CBS module numbers

on model performance

B Average Precision Recall GFLOPs
0 0. 525 0.511 15.8
1 0.536 0.528 16.9
2 0. 544 0.529 17.8
3 0. 551 0. 548 18.9
4 0. 549 0. 537 20. 3
+BRA 0. 499 0. 508 17.3

FRAE Bi-CBS el F 40 & Al &S i AN (]
HEAREY RS A FE AN B A AR R, 275 % )8
UG A SR A5 R Bi-CBS i
e TG TR 4 RS 6 JZE BB ZE G
SR FAT U BB A %) Average Precision F1 Recall
AR E] 54. 4%, 1 52. 9%, GFLOPs {340 2. 0,
¥ Bi-CBS BB JFOR DS 2 J2 55 4 )25 6 12
LR, BRI Average Precision A1 Recall 43 5|
IKF T 55. 1% 54. 8% .{HE GFLOPs A 18. 9,
BRI N T 19. 6% KRR TR . [H
iH Bi-CBS #: e 3 1 N 45 v i 4 B EE 2 4l A
BRA 73 2 LT A 3/ BRI RO A, 3R
W] Bi-CBS HAf bl M 2% 5 BRA BERGFATRL G .

25 LR e AR i T R A [

REWE 7853 A1 H] BRA (1% 3l 25 i 1, SR AE A M (B )
FEAEAR S G50 I 2% ) R AIE VC T fig
2.3.2 CARAFE | REEFE T HEREXT LS5

2 JEIR T AN R b SR T 1 X AR R B 1Y 5
M, 3Lk % 1Y 32 Nearest | % FE, 7F CARAFE
HA it a5 IAZ RIS R cocoder FTEEH N RN £y, PR
NSH BT K2 BES 780 A St A B
AFR R REE, S TWUEIZ L RIFRRIEIR TR
(4 7b BRI T BE S BB R AE Y £ ccoder T Ry TS
KX FHASTRT 4 b R A 2 A 1) R ] ASE B R A7 %6 1
S EEAAR AL ] YOLOvSs, JIl257800 5. S5
RN 2 s

F2 LEREFREITEER

Table 2 Comparison experiment of upsampling operations

R Average Precision | Recall GFLOPs Params

Nearest 0.525 0.511 15.8 7012 822

Bilinear 0. 537 0. 533 15.8 7012 822
CARAFE(1.3) 0.532 0.513 15.8 7042 206
CARAFE(3,5) 0.543 0.536 16.0 7152 926
CARAFE(5,7) 0.529 0.518 17.1 7 665 118

H2e 2 AR, Y ERAERAER ) CARAFE(3, 5)
SRR F 4G I e RE AT K 38 A R K P X I AR R Y
Average Precision 1 Recall % £ Al A5 Y (1Y) Nearest
FORFE AR T L8 AN 2.5 4. MRLAL
GFLOPs #i1 Params BT 0. 2 F1 140 104, Ff: 3%
ARG IR A 53R #4 . CARAFE i i 2k i
38 0 Y EReA% s BRI TE — 4> AT 2 28 0 1 1 R L
RE BN UFEE LK RRAE & I8 TE 2 REIE B
LIS ARL A A B2
2.3.3 ZEAXTHLALE

Ry T AR BUAS SCIT S 53 A DR S 1Y)
Dot 4 H 5 5T R B AR SRS 70
TE [FRE Y S50 PR EE 5 285000 2540 %) 6 S i AR i
AR, B L S 25 R Ak 3 fron. thak 3 nf
HL 5 YOLO FEF AR b, A SO 70 G U RS 2
R F A S, YOLOvSn'™! i Average
Precision il Recall {UA 46. 2% Fl 47. 3%, Jo ¥k i
R T o A P A B OR; YOLOVT?Y i Average
Precision, Recall fiI FPS ¥ ik T YOLOv5s;
YOLOv8s™™ #1 YOLOv9-c"* iy Average Precision
F1 Recall &&= T YOLOVSs, B A SCi 1 Ao #E He 55
Hifl5 J7 R Average Precision WA $2 5, (HIEA5
AU HE 3 R G AN M AR SO R AR, R R
30 ML /s o TR AN SR (14 S P A R 5 55 1 BTk, AR SC
BRI YOLOVSs AN AR THIY .
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Table 3 Model comparison experiments
Average FPS/ Params/
Model Recall
Precision ) 108
YOLOv5s 0. 525 0.511 61.4 7.0
YOLOv5n 0. 462 0.473 70.9 3.6
YOLOv7 0. 493 0. 486 41.2 13.5
YOLOvS8s 0. 541 0.533 49. 8 11.1
YOLOv8s+
n 0. 584 0.576 24.3 9.4
S SRAR R
YOLOv9-¢ 0. 539 0.524 38.6 51.0
YOLOvV9-c+
o 0. 579 0.568 18.6 38.7
FriR i
Faster R-CNN 0. 496 0. 504 7.25 41.3
Cascade R-CNN 0. 503 0.513 6. 37 69. 4
SSD300 0. 502 0. 482 39. 8 34. 3
RT-DETR 0. 527 0. 508 13.5 42.7
ours 0. 586 0.574 42.9 2.3

AR SCEE S 0 E A By ek 2% Faster
R-CNNM"  Cascade R-CNNM* #7575 .. Faster R-
CNN, Cascade R-CNN ¥ JU¥s & A fr T B, 1 HAE
Bifi 5 ST R B AR TE AR R SRR RS ) HE SRR . R B
RIS 25 4 TR 25 B8 2 10 S 50 TE & 2= (WP 42
I I I i S o SR R R 70 1] SO o2 R = TN
BB AT B RFIE 2D o H 15 K I 28 2 850 e i s AU
S, TR IRG FE REAI

BB SSD T H: 22 N T A B A
JRC R A FAE , DA G 00 o 3 4518 o RT-DETR™
YE R froBt s 21 H AR A2  XF DETR Z 51 8k 0E
17 T 2 e Rl . ARG AT =R IR
B, FE AL token F12 ]RBEHRHIE AY SR AR F)
AL b2 825 T BAnkeERE . SR, 7E AR SCSE 5%
(1) 5 e B A 4 55 v, RT-DETR K fig R0 L =
AIRCR . B 5B LL Transformer Sy 4ps) 1R AL i@
FEERAEARAE T A G 5t o0 K FE AL 3 X TR/
FIA ) B B AT 55, LAY OLO Ay FL A it 455 750 58 H e

— AR s HORIE T Transformer 4K 1Y
RT-DETR X4 Ja) b F SCfF B i T80k, ol fE 2 2.
W Ry AR A 5T o AT TG AT B BN B AR I ARRAE

25 LR SO BRI AR - RS B A Il S A B
B AR EAT KL #. Average Precision Fl
Recall 1§ #5 43 %}y 58. 6%, 57. 4%, ¥tk T
YOLOv5s, YOLOvV7, YOLOvSs, Faster-RCNN 4
T H o kA B, T 4R A B B A I R R
42,9 ML/ s AT LA A2 B 570 30k I Xo) S5 B 5K
TS S BT G IS 2 R B 2 ] e A AU 5 iy LT
PR BRI SR AT 2. 3 X 10° 4 B i A T HiAt
H ARSI 25, 76 5% o Ao RGBS it - 1 — 25 S
TR, R MR

YOLOv5s HIASC T A5 1Y f) 741 FOAE 51 2Kk (Box
Loss) B 248K Cepoch) AL A AN IE 9 s, Bl
EVNGRFEFERYHEZE , /i 50 1> epoch N IMEEHYY Box
Loss Pl F fE. 7T LLE th, A SO E8 f#) Box
Loss TR FE Bt 58 e, 52 B0 o8 Jin B i %) 5 ity
2, FRIILEA T = 1) I 83U ORI > U

0.20 | - YOLOv5s
— ours

Box Loss
o
=
(921

=2
=
o

0.05

0 1(')0 2(;0 S(l)O
epoch
9 AFAER K g xTEE
Fig.9 Comparison of bounding box loss curves
2.3.4  IHRERSE
A0 A PR AR R A T R S B R B T 4
TIERIA R SRS R AR 4 Fros . TR S g
FL PRI YOLOv5s,

R4 HBMIEHER

Table 4 Ablation experiment results

g Bi-CBS RFE CARAFE Lxs Average Precision Recall GFLOPs
J X X X X 0.525 0.511 15.8
J J X X X 0. 544 0.529 17.8
J X J X X 0.568 0. 564 16. 6
J X X N X 0.543 0.536 16.0
J X X X J 0.548 0.535 15.8
J J J X X 0.572 0.549 18.0
J J J J X 0.581 0.567 18.3
J J J J J 0. 586 0.574 18.3
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PR A T P Y S B S B 45 Bi-CBS
R E, B4k GFLOPs #4172, 0, {H 2
Average Precision #2717 1. 9 H 4 21, 58] Bi-CBS
BB AT LLIERR 5 B AR A G 1y X4 3
WA DX R 5 3 L B SR AR /N B bR 2 i BE T 5 7
TR 2 RO Al 2% 8 i RFE Bk )5
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BT 4.3.5. 3 A3 UL REE Bz PR o 45
PAEI R RS2 BT 04 Z5 A 5 2 R R TR 20
TREAE o TS A BRI /IS 5 AR AR 5 S AR
BRI bR FE 45 4F 2 i il CARAFE J5 . Average
Precision 1 Recall 435455 1. 8 1 2. 5 H 49 A, 31F
W17 CARAFE RS T BT B A gl & BT S0
SRE X TR AT: 55 S A R 5 B HE LA A 1 43
SR REU R Ls» He Average Precision Al Recall 4
SR 2.3 F 2. 4 F 43 ¥ BCBS. RFE [Rf/E
F 2T ML FIRAE @l A5k 7, Average Precision Fll
Recall 75 YOLOvSs B8Rl EoMl4e w4, 7 1 3. 8 7
3R AEH E R A CARAFE | R FEE T 45 70 ()

(b)YOL

RBP4 T T 0.9 FI 1. 8 HAr AL,
JEARBETHY 4 BRI B A |5 B
Kl fE 15 2] B 13, Average Precision fil Recall %% %t
LRRIRUFET 6. 1 A1 6. 3 115345 GFLOPs {351 2. 5.
S A AR U] A SR T B B R SRS B b S B
B3 SRR 55

B YOLOv5s, YOLOv7, YOLOvS8s gl i 4%
AUFESR O R0 55 06 45 A8 00 DUl 80 R i A7 X L, dn
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P 10Ca)- 1 10(b) ([ 10(e) i, £ BRI R} I HE 55 555
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Fig.10 - Comparison of detection effects under strong light conditions
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Fig.11 Comparison of detection effects under low light conditions
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BHEAE WAL R B RS . ARSI s T8
[FFSRITE K 37238 SCHHIE T AP re R 8, SE o 45 1 an
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Table 5 K-fold cross-validation experiment

K RS YOLOvSs  YOLOvSs  FasterR-CNN

1 0. 588 0. 531 0. 546 0. 498

2 0. 584 0.523 0. 542 0. 502

3 0. 581 0.515 0. 538 0. 491

4 0. 602 0. 519 0. 529 0. 487

5 0.613 0. 526 0. 553 0.513
Average 0. 594 0.523 0. 542 0. 498

2.3.6 VEMITHLERIRELR

FEAS B EERR 55 2 1 v o0 AR A 5 BRI A
AR EBA I E LR . W R 15 8 SRS ER X
W(ROD , $2 B [7]— ROIT N 1y 55 5 vt Ak i —
A AR UE [F)— B VR B4 s AR AR 5T k=2 R ]
DLieh ik s BEARAE s R HE IS R T, RIER &
AN AP R — L VR o s PG B S Ry
ZAEA T2

% 6 RN AN 25 B XHEYIAT L 2R B
SETRRZIN SR BT MR 22 UL BT 249 i 1) £
T 1B R VEM R b AR R MR 22 R AR BUEY 1T rpi 2k

A 4

A\! “x"r |

- -

(OB BERIAT I 25 3R rp O 28 5 SEFRAEMAT Lo 0 EL

5SRO AAT R R A AR Z 18] SR AL s
T A O 252 SR A E AT rh D S S E AT e
LM ZEMIE . S AR TR BRI T D2
RSP TA] R 10 S HEE TSR R I 22 AT 7]
F 22 « R BCFRE VR AR A RS 2 M 1] £ i 2
AILLEhRiE . SRR BB A R AT
FEHEY AT PO 2R 0P B8R i 22 0 31 O 4. 23,
6. 52 18R FF-HT i 0] #f1 D 22 2359 2 0. 82°F01 1. 817
T AR R E AN TRDE I A& T BRI T 2B
SR R 2253000 0. 78.0. 56 15 2, - YR i A1 U
FEIIA0. 3T7HIN 0. 247 BCHELR BRI AR - I
F 6 AREKBENLERITREEDITHOLRIFN
Table 6 The impact of different model detection results on

extracting crop row center lines

JEMAIE B PIBRRME/GR PRI mmE O

5 HLL 4,23 0. 82
Lo ours 0.78 0. 37
0t HL 6.52 1. 81
5596 ours 0. 56 0. 24
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\ - - -
Wil =4 fr T

12 AT O &S SREREMIT RO &R XT B

Fig.12 Comparison of the effect between the crop row center line and the actual crop row center line
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