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Abstract: Rapid and accurate detection of flue-cured tobacco leaf grade is integral to the advancement of
tobacco intelligent equipment, promoting refined management of agricultural products. Aiming at the issue
that it is difficult to distinguish flue-cured tobacco leaves with high similarity between different grades, a

flue-cured tobacco leaf grade detection network (FTGDNet) through multi-receptive field feature fusing
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adaptively and dynamic loss adjustment was proposed. Firstly, FTGDNet adopted CSPNet and Ghost-
Net as feature extraction backbone network and auxiliary feature extraction network to enhance the model
feature extraction ability, respectively; Secondly, to merge global feature information and local detail fea-
ture information, an explicit visual center bottleneck module (EVCB) was embedded at the end of back-
bone network; Moreover, a multi-receptive field feature adaptive fusion module (MRFA _d) was con-
structed, in which the attention feature fusion (AFF) mechanism adaptively fuses the weights of feature
maps with different receptive fields to highlight the effective channel information while enhancing the local
receptive fields of the model; In addressing the decrease of positioning accuracy due to CloU _Loss perfor-
mance degradation when the prediction box and real box shared the same aspect ratio and their centers
align during the regression positioning process, a new positioning loss function MCIoU _Loss was de-
signed, In addition, the rectangular similarity attenuation coefficient was introduced to dynamically adjust
the similarity discriminant of prediction box and real box to accelerate the model fitting. The experimental
results show that the verification accuracy and test accuracy of FTGDNet for 10 grades of flue-cured tobac-
co leaf reached 90. 0% and 87. 4%, respectively, with an inference time of 12. 6 ms. Compared with vari-
ous advanced object detection network, FTGDNet achieves higher detection accuracy and faster detection
speed, which could provide technical support for high-precision flue-cured tobacco leaf grade detection.
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Fig. 5 Fitting result of real box and prediction box

THENIHE

g
HEHTE

=0

ﬁ%ﬁ?mﬂﬂiﬁ%ttw%(Eﬂ%z%)ﬂ,ﬁflﬂ‘mﬁ
8 »

cp,C)

oA, (IoUIo%%EPEI’J L B av B 5k

%, CloU _Loss iR fk # ToU _Loss, {H JﬁtHﬂ‘ES@ﬂi
5 POIAE R A X BEAR TR AL G B HOR
I AR R WK BE A T o AT bR TRl AR S
21 MCIoU _Loss,MCIoU _Loss & X UIF :

MCIoU _Loss=1— 10U+(dp’(‘ Hav )+
o v
C(1—IoU Hv
v=— (arctan ol 2 arctan— )i
w’ s s
B I ’
= w,h,
eXp(w,,,/z,,,) eXP(w,,,/z,,,)
1 1
1—IoU
(15)
Horpr: g ok L SEAE 55 95000 AE i AR K L w, BT A, 53

) Ay LS AE 5 T AE fe /)N A 42 Y T AR 1Y) B B
FE BE A av B0 B E SR HLSEAE 5 00 HE (4 55
AEARLEE 0 551 35T, A Ay R TR AR BLE 5 ik ZR 5

A AE MCIoU _Loss H1 5] A T K S HE 5 fil
DUAE (%) TR 2K, A 80 A e B ST AE 5 19T 00 AE 5 v
o AH 45 HLH Ao 8 A B CloU _Loss Mg iR 1
A L [ B 51 TR AR AR EE 3 080 3R 40 A, Bt & T
HE 55 LS5 1Y HE FE A BE 1S i, A3 K, T ACHE 5w
AE P19 6 I AR ARLEE 1 50 J0RE (1 AN W8 02 0, 7 VIl ook
T X N A R oK EHE AT 2 AR R I PR A 4
2R (] P g — 20 i e A A T

3 RSBRAERL

3.1 ERHEE . FREERFEMNIER

A S A BB B & 5XYZ-9C REW #5
JR I EMR, WE 6 JF s % 3 & FH 2R o 1L 267
W32 3% FE AT Tl T R A AL TR S ' YR 1) i
P AT GRS Tl 1 B AR AL [ R T i T
T, BT Sk M B A % HF 845 mm. M ML AL S K
CAO050-11U, H A3 HE 4k 2 384 X1 528, fii Sk U =
5 M0824-MPW 2, & I % £ A 45 XC-BK-650-
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Horpr, 25 g A0S AR R 09 i 7 18] B e i € 4P A1E 22
SN RIS R L 4 B R R
i R AT 3 192 M , #7400 % S iy 9 B o g
(Flue-cured Tobacco Leaf Grading Dataset, FTL-
GD) , 2% % 9] ¥ Sl w7 5] an 181 7 fir s o fdE
Labellmg X} FTLGD it F 47 #f HE b v, 15 51
f 8 R G AR L FE L 1R B Y xml SO AT
python i B2 K¢ xm 1 SCH 55 40 Ry txe bm i SO, ST
A LAAE YOLO B3 vhig 47 (0 08 45 I o
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Fig.7 Flue-cured tobacco leaves in FTLGD

ST TR . 11th Gen Intel(R) Core(TM) i5-
11400 4 BEES 217 N AF R 166, BB AL B 55T K
NVIDIA GeForce RTX 3060(12G) , ¥ J& 2% > #E
42 2h Pytorchl. 8.0, ffi il CUDALL. 1, cuDNN
8. 0. 4 P M &%k . Batch_sizes ¥ & K 16,Ep-
och 5 & 2y 300, 7E Il Zrad #E b, 38 1 Mosaic 5
2 O6F i A BOHE DE AT TR e B, SR T SGD X il 2k
ot BT

P I8 b5« R IR HL 2 40 (Parameters) (75
KB FE(FLOPs) LA KT [ 4E B [H] (Inference
time ) XA AL 1Y T RCR FEAT IR o SR (B
YJHE B (mean Average Precision, mAP) X #& # 45
DA B2 AT PR, 3 A 0 =0 (16) i s

M
DIAP,

mAP:i:M , (16)

Horp oM 2RI, AP, R 5 2 R RS B
3.2 XWERESW
3.2.1 FTGDNet i} fk % &

FTGDNet ffi Jif CSPNet £ Jy 5 1F 2 B 3 T
I 26, Sk 3 iR T2 B R AE 4R BURE 7, Ghost-
Net #F 47 flf By REAE$R B . R 56 UE b 3 ok 119 3%
B AR %) ShuffleNet'™, GhostNet, CSPNet /£ &
FEAE F B T W 45 LA B CSPNet £F Jg 5 AE 42 B 3=
T 1[5 15} Shufflenet 8 GhostNet £ Sk il Bl 4 1iF 12
B 4 JF AT S2 00 6 b, X B g SR AR 1 TR .
ShuffleNet 1 GhostNet B £ 1 4% 55 fb (1 415 55,
A HARRE $2 HRE )1 A B o B ShuffleNet 1 Ghost-
Net /f A F¢AiE 48 B T B 25 B, #H % T CSPNeet,
TFEIBEB SN TG 9G,5.2G, 555
FFE2.1 M, 1.4 M, 4 # a4 50k 1.0 ms,
0.7 ms, {FF) 5 K i 55 9 A5 0ORG B R MR B L 78
K A A R 56. 0% F159. 5% , 18 56 uF 4 [ 42
S 51.8% M1 55.5% . Bt CSPNet fE R AiF 42 Bt
F M %%, ShulfleNet il GhostNet 43 5 V& 47 4 B
FEOE SR U 28 0], F T30 T — 4%l B R AE B2
W 4 AT (1 7 i SRR S RO AR S (R 4 A
ARFEEE 0 _E T, B GhostNet £ g % Bl 457 11E 35 B
I 4 BF, 7E 50 UE 48 AR A T R IUORS B 4 A 3k
) 83.5% M 81. 2% , #HHL T FL— CSPNet fF b FF
fEPEHR T M 4%, B 4. 7% F15.5% .

A P CSPNet+ GhostNet /E 24 Baseline, L
¥ 9F EVCB 8 \MRFA _d# 3 MCIoU_Loss
S AV AT 2 RS0 RS P i A% B 1 B T i S 5
MR 2P7R . MR 2AHL BRI R EVCB Bk
J& RS ESE BRSNS B A 3. 1%, ZE AR 1
o RS BE B FE1.0% , Bk T EVCB B e 42 )
5 R R AE AR B 45 A 0 1 A A v 0 R A 2
K S B B9 4536 A i T EVCB P e e 2
BRI B B S8R E T 2.1G,2.8
M, #EBEAF A Y18 1. 6 ms. X} MRFA _d# e gt 17
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S8y 4 #F L 7E Baseline+EVCB 19 X &l Fn A
MRFA _d, 7E 50 5F 42 A AL T, 455 80 G 00 RS 52 43
MK E) 89. 2% 185, 3% WA E 5 iE AL LT3
22.9 G, 08 FTH5) 12. 4 M, A5 80 3k BR8] s
18 F 12.6 ms, X} MCIoU _Loss & i fit 2% pf B i

A7 S5 43 B, FEA AL i ] MCToU _Loss 5 i 46
0 R BGRB8 UE RS B 1 T 0.8%, ik #
90% , M ik A5 B b TF 2. 1%, 35 5] 87. 4%, iIF B
MCIoU _Loss 7 v 451 2% bR A 45 5 5 07 K B i
17 2 £ G 00 K 2 14

®1 EFMEIELE

Tab.1 Backbone network comparison study

mAP/%
Module FLOPs/G Parameters/M Inference time/ms
Val Test
ShuffleNet 9.5 5.0 56.0 51.8 6.0
GhostNet 11.2 5.7 59.5 55.5 6.3
CSPNet 16.4 7.1 78.8 75.7 7.0
CSPNet—+ ShuffleNet 18.1 7.7 77.3 77.0 9.0
CSPNet+ GhostNet 19.4 8.0 83.5 81.2 9.3
F2 BHHBXE
Tab.2 Module ablation study
Module . MRFA MCIoU_ FLOPs Parameters mAP/% Inference
Loss /G /M Val Test time/ms
Baseline X X X 19.4 8.0 83.5 81.2 9.3
Baseline+EVCB ~ X X 21.5 10.8 86.6 82.2 10.9
Baseline+EVCB+MRFA d N ~ X 22.9 12.4  89.2 85.3  12.6
Baseline+ EVCB+MRFA _d+MCIoU Loss  ~/ ~ ~ 22.9 12.4  90.0 87.4  12.6

3.2.2 RXAIL P SHAE L E I

AR SO i 28 BE PO R S B (EVCB) 1E
kg I 4% 190 292 (Stage 9) 06 $i HiU 490 45 A 45 fiF
{5 8RB IE EVCB A W 45 i 2502 PR fg , A<
e YOLOVS W 2% rf A 2 i 3512 45 74 7 Bot-
tleneck, BottleneckCSP, C3 5 EVCB i# 17 %} It ,
PSRN R 3R . th 3 3 A, FTGDNet %
H Bottleneck F 2 Jffi 35 J2 s, 455 70 8 {4 1 i 5 22
Xof 400 4 AR P25 i ) 00 v A R A A1, B IR A AN
S 81.5% , MK B 81. 4% . C3HEHAE R

R 29 )22 i, H P s B SRR O AR, 4 )
N 19.4 G,8.0M, b, Ho ok B E] B, A
9.3 ms. ¥ FTGDNet £ EVCB #E B4 A i i
JZ I XA R SRR e R 6 ERG A )
86. 6% , #1%¢ T Bottleneck, BottleneckCSP, C3 ##
Py R 5.1%,4.0%, 3. 1%, M 0K 1 1k 5]
82. 2% , #% T Bottleneck, BottleneckCSP, C3 4
e 33 F+0.8%,1.6%,1.0% ,fHH T EVCB
ol T R R A PR s O S 8
oAy i v, AR A LS [E) 5002, o4 10. 9 ms.

R3 MIERB RIS

Tab.3 Effect comparison of bottleneck module

) mAP/ % .
Module FLOPs/G Parameters/M Inference time/ms
Val Test
Bottleneck 19.5 8.2 81.5 81.4 9.4
BottleneckCSP 19.4 8.1 82.6 80. 6 9.4
C3 19.4 8.0 83.5 81.2 9.3
EVCB 21.5 10.8 86. 6 82.2 10.9
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7 5 7F Baseline+EVCB fEZ8 T |, K iiF £ )&%
2 BPREAE 1A Il A 4SR0S A U
FE55 P A B M BE . AR SCIRTE T I b £ JEk Az B
Flad KRR AE Bl A 45 F9 MRFA _a. MRFA b,
MRFA ¢, MRFA d, ¥ H ik A M 45 19 2 10 2
(Stege 10) , DU F 2 8 32 BF [ 38 R F¢AF fil & 45 14
PEREXT HL AN 4 it o AR I 3% 4 T 0 g 4 P 2 )k
2 WERRAE 38 N LA RS S A R4S S AR
F Baseline+EVCB, £ 7l [ inﬂi**‘F‘?ﬁJ\%UJ:ﬂ‘
0.5%, 2.0%, 2.2%, 2.6%, ik #| 87.1%,

88.6% , 88.8%, 89.2% , M ik K5 B 4 7 I
2.2%, 1.5%, 2.8%, 3.1%, ik # 84.4%,
83.7%,85.0%,85.3% . {HZ &7 B FEAE A &
I il A B Rl T 2 A SRS AL VR
BHAM ETF1.3G,1.3G,1.3G,1.4G, &%
B TF 1.8 M, #fE B ] 43 510 618 1.2 ms,
1.4ms,1.4ms,1.7ms. Zi5%ET ,MRFA d
X 0 R I 5 1 S RS R i e, T RS AT U
RS BE 43 51 3k 31 89. 296 1 85. 3%, B id A I ]
T0) 45 A - S ARG U AT 55 v

Fz4 M MRFA & HEaE3T b

Tab.4 Performance comparison of four MRF A structures

mAP/%
Module FLOPs/G Parameters/M Inference time/ms
Val Test
MRFA a 22.8 12.4 87.1 84.4 12.1
MRFA b 22.8 12.4 88.6 83.7 12.3
MRFA ¢ 22.8 12.4 88.8 85.0 12.3
MRFA d 22.9 12.4 89.2 85.3 12.6
3.2.4 RALHR JE AT E B SToU _Loss A I F 1 #f B2 451 2% b0 BE 46 2R

J K IE MCIoU _Loss 5E i fit 5% iR %&E"J‘@ﬁ‘é,
A 45 £ FTGDNet fie 2 B4 8 g JE i I, % H
GIloU Loss,DIoU Loss, SIoU Loss, CloU Loss
DY Fb 5 A7 451 5% BR8-S MCIoU _Loss PE 47 52 86 %t
o, Xt Eb g SR 5 i o AR I 3% 5, BLAR
GIoU _Loss Wy K M K5 B2 5 I, 30 0k A B2 AL N
85.9% , M ik K BE AU Ky 82.4% ; DIoU _Loss #£
GIoU _Loss ) F£ fif I Jm A H .0 BB # 2%, &
GIoU _Loss H &% M K§ B2 b J+ 1.8%0 F1 2.4%;

K5 ARIBRKTHEREST L

Tab.5 Performance comparison of different Loss func-

tions
mAP/ %

Loss
Val Test
GloU _Loss 85.9 82.4
DIoU Loss 87.7 84.8
SIoU _Loss 88.2 85.3
CloU Loss 89.2 85.3
MCIoU _Loss 90.0 87.4

FE IR $ 25, B %1 SR ] SToU _Loss 5 o7 1 2% bR %k
Je o, WK RS BE R B UE RS b JE = 88.2% Al
85.3% ; CloU _Loss #%% DIoU _Loss, CloU _Loss
FIAT 96w ek, i — 2 8 T H AR E ALK
B, HOK RS Ak B T 89.2% M 85.3% 3 MC-
ToU _Loss 15| A ECSEAE 55 150 I A 11 B4 2% | [R] B
AT R ARLBE % il 8 500 L S HE 55 T A A
oL B 0 ) 3 HE AT B A U R, B Al MC-
ToU _Loss i , 7€ B i 4 [, K M K & 15 2]
90.0%, M % T GIloU_Loss, DIoU _Loss,
SIoU Loss, CloU Loss 2 S4& T 4.1%,2.3%,
1.8%, 0.8%, 7& M ik 4 b, & W & B ik
87.4%, M # F GloU _Loss, DIoU_Loss,
SToU _Loss, CloU _Loss 43l #& 7+ 5. 0%, 2.6 %,
2.1%,2.1% . E8XF L T Il it #2 o A0 i 47
P e bR A B AR Ak, b AR SCHR i MC-
ToU _Loss 7£ 40 4~ Epoch Ji& ff 5 e MK, B 9 Xt b T
Y253 2 F CloU Loss 5 MCIoU Loss ) mAP
, #F— £ 59E T MCIoU _Loss HAg 48 55 & (i 4G
JEE IR LA A BE T o
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3.2.5 RE R &k R

Ry % WLVT A AR SCEAL 2 0 400 K AR I S 2 R
WP fE , ¥E ] Faster R-CNN™', Double_head R-
CNN™'" | Dynamic R-CNN"* | SOBL"™
TOOD ™', Sparse R-CNN™", YOLO % #1| % 4t
20 T G 0 B8 ok TR S B A BRSO B O
PN 5A SO A SR AT R S, SR A5 R a3k 6
fl s o

AT RN 4598

(1) 77 A8 BN b, A SCRERL Y 77 i iz
Bk 22.9G,5 TOOD, Faster R-CNN, Sparse R-
CNN, Double_head R-CNN , Dynamic R-CNN,

SOBL, YOLOv3, YOLOr_CSP, YOLOr_CSPx,
YOLOv5m, YOLOv6m, YOLOvV7 # I , FT-
GDNet 7R R # .

(2) 2 % & %t b, FTGDNet 2 ¥t &
12.4M, %358 TOOD, Faster R-CNN,, Sparse R-
CNN, Double_head R-CNN, Dynamic R-CNN,
SOBL, YOLOv3, YOLOr_CSP, YOLOr_CSPx,
YOLOv5m, YOLOv6m, YOLOvV7 ) 39.0%,
30.1%, 11.7%, 26.5%, 30.1%, 17.4%,
20.2%, 13.4%, 12.9%, 59.3%, 43.8%,
34.0% .

(3) K6 0K B % b, FTGDNet B 56 1E K & 1%
) 90. 0%, M K BE 15 2 87. 4%, ¥ F Xt e
[ 20 i S 25 4 T 1 28

(4) i BB [A] 6T LY, A SCABE 7Y (14 HE B ] 4
J912.6 ms, £ YOLOv3-Tiny, YOLOv5n, YO-
LOv5s, YOLOv6n, YOLOv7-Tiny 4 # 1k 5 7
1 AEATY B i 1 S I A 0

ZE b4 M, FTGDNet 78 477 £ 1l - 25 9% 46
11556 4 B 055 i e .

3.3 RNEREEEN

F R X6 L S 6 AT 7E R A 3 2 A 4
FTLGD b, A SO $2& 05 A A6 B o D0 8 % 46 U
PERE o &1 10X L6 1 AN [R] 190 26 X6 41 45 R 0 43 % 1
Mk gs 5%, v LIE H, YOLOvV3-Tiny, YOLOV3,
YOLOvV5s, YOLOv6s 34 77 76 A [a] F2 B (14 ] g5k
% [r) L ¥ HE TG vk 78 55 0 B X, YOLOV7-Ti-
ny, YOLOV7 #7765 f s i K6 1) . 5 5 4R YO-
LOv5s W 48 FH L, A< SCRE R AERS B Rz AL BE 0134
B KR TE, 51 A MCIoU _Loss 5& 7 1 2% ok %k
Jo R 1) ARG A — TR AR T

J MR YT FTGDNet B, 48 L% FTGDNet
Y OLOVS $# Ak $2 Bt #2 o 47 nl LAk, an &1 11
fran T LLUE ), Stage 0 2] Stage 6 Bifi & W 45 R &
BT, 90 24 5 BG4 AE DA I - 8 % B 485 ) 1 B
% o U 20 R 205 fE B, CSPNet A1 GhostNet
I [w] $2 B R AR AR AR L, 7E Stage 9 #] Stage 20 H
IR E AR B R 25 B 5 8, 1 09 46 4% i
56 4% 1 H b5 58 5 R AL E 5 B 7E Stage9-Stagel?
By B, Bl 2 ) 2% R B 9 N, FTGDNet ] & 48
YOLOvVS {8 1 T 2 B A U2 RAEE B .
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Tab.6 Comparison of model effects

mAP/%
Module FLOPs/G Parameters/M Inference time/ms
Val Test
TOOD 181.0 31.8 69.2 68.5 63.3
Faster R-CNN 206.7 41.2 72.1 71.3 62.5
Sparse R-CNN 150.0 106. 0 77.4 74.7 58.5
Double_head R-CNN 480. 9 46.8 79.1 78.2 122.0
Dynamic R-CNN 206. 7 41.2 82.6 80.9 64.9
SOBL 413.3 71.3 86. 2 85.7 204.1
YOLOx-Tiny 19.0 5.4 62.3 61.2 13.1
YOLOx 33.3 8.9 81.7 78.2 24.6
YOLOv3-Tiny 12.9 8.6 50. 8 49.1 3.4
YOLOv3 154.9 61.5 82.4 79.7 27.7
YOLOr_CSP 119.2 92.5 74.7 68.2 13.4
YOLOr_CSPx 225.3 96.4 74.5 67.1 25.4
YOLOv5n 4.2 1.8 77.7 73.1 5.4
YOLOv5s 16.4 7.1 78.8 75.7 7.0
YOLOv5m 48.1 20.9 84.1 83.0 13.0
YOLOv6n 11.4 4.7 77.9 77.0 3.6
YOLOvV6s 30.5 13.1 88.0 85.7 12.7
YOLOv6m 72.2 28.3 89.5 85.8 15.7
YOLOV7-Tiny 13.2 6.0 86.9 83.9 4.7
YOLOvV7 103.5 36.5 88.2 84.2 12.8
FTGDNet 22.9 12.4 90.0 87.4 12.6

IR YOLOV3-Tiny ~ YOLOV3 YOLOVSs YOLOv6s ~ YOLOv7s-Tiny ~ YOLOvV7 FTGDNet
P10 190 285 0 45 2R T 4L Ak

Fig. 10 Test result visualization
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