Ha0t 22 Rk TR R Vol.40 No.22
2024 5E 11 H Transactions of the Chinese Society of Agricultural Engineering Nov. 2024 115

- RIMEEESBESEKK -

fhaRis™?, K E, TARF, BRG, #HA, B,

E T EE M AU YOLOVT WEEBMKENSEM G A

(. T"HEKEMARITEATILIIAEEF, VL7 529000 2. ffEfl TR FBENLE TR, | 510225,
3. AR R TREZERE, M 510642; 4. PR TFE2AR H shib 2B, T M 510225;
5. gk TR ZEBERIE AL 22, T 510225)

B OE: 3 B N SRR SRR H iR, AEESHE R LB IR RS A, 2 T — R el
ERAERI Bt YOLOVT BIEEE B AR SE A7 7732, 51\ GSConv B BRKTH L B A A S BBE IR SIS . &=
Hbr CUiREAE 2, (] HS Rk )UiREAHE, R Kullback-Leibler divergence 51 2% b HUKT Jig e AE WL 31— A~ — 4
m AT, HERAMER A M ZE R, I 2 R R AGEAT O, B T v B 2 TR 5 SR 22 TR 1 2
Ak, KA Criminisi Hy518 5 RN 25T 5 R 0B AL 1R RIS BRI, ol )5 TR FE R A 2 77 4 4
A 0 3k B AN AR v B 3T, PR EEIA R 96.15%, MIEL YOLOV7 AU T 17.04 S 4 i, Adlmi =R 32
240 Wi/s. BLAl, DCIAALE T e i FE BE T HERG L TN A R B, e AR YE K] 7.02 mm, SPIIAHIT R
ZRARE] 0.65%, AALL YOLOVZ B2 538/ 7 24.3 mm H1 1.96%. Bk, %7995 2 R PR R Huad . AL iR 51
R Fr 8 B S RN T B Ui v 7 %

KRR H&: R4 YOLOVT; =745, #4EIE, REBRSE

doi: 10.11975/j.issn.1002-6819.202404143
FENES: S24 kRS A

ik, skittR, FRFE, F ETREEET MK YOLOVI MEEBMRENS A5 AN Rl TIEFHK, 2024,
40(22): 115-123. doi: 10.11975/j.i1ssn.1002-6819.202404143 http://www.tcsae.org

WU Rongda, ZHANG Shi'ang, FU Genping, et al. Detecting and locating banana targets using improved YOLOvV7 and rotational
bounding box positioning[J]. Transactions of the Chinese Society of Agricultural Engineering (Transactions of the CSAE), 2024,

XERS: 1002-6819(2024)-22-0115-09

WA, KT F

40(22): 115-123. (in Chinese with English abstract)

0 3| =

REEE I BOARHBAT, K2 HURER B ARy vk 3t
FAEGHL AR 2], T L e AT B e A,
Bz A EVE MG, LR, H ARG I 2R N
TKEK M, BOOGAARD 2500 $2 1 17— Fh Jik T iR i
2 ST B I T B shill &5 ik, o 22 00 A A v i
Phil g, R T W ARE S SR B O E
TERRAF R, B T iHE R, $em 1T KRER R
R U, T SEI AR R, PR AR
TAEERK. R H AR J7i% . NEUPANE %12
JET Fast R-CNN FF & T A FEAEHPRAT I 775, i 3 ompe
PR IR I BUG A BE R AR AR TR IR . FU S TR T
1 R A R R R AR A A U7 v, AEAS [R) Y HE R 44 2%
PR RIRLF. RE KPR TR, EAEER
WA S AR, LRSS . I, 2R
BN IERIAE Y] T YOLO A5 R o (3 B 1] 43 25 5 4 L

Wk B 2024-04-21 EITHEI:  2024-10-19

HEETH: TP Rl R SR04 R K R RER A
(2022SDZG03-5); |7 R4 H SR A THRITIE  (2019B020223003)
EH R 5L, W AR s % .

Email: m13172219939@163.com

KIBEMERE: Ko, #L, B, LS, PR iRk
AR GE AN S . zhulixue@zhku.edu.cn

doi: 10.11975/].issn.1002-6819.202404143

http://www.tcsae.org

HHRHI, flan, FU D@ E B8 YOLOv4 SEBL T
BEN, IHEFEMET MR REE ERIH RIS
I RE . B K22 HoR i )y v ek ke 5l SAE
1T EARERL, A7 B8 AL SRR R M S A5 4% G K Tl St
EASHEZHEFEL, FERWRE TR, FlRiE=
e i R GO RZ . BT, HEThed i e R B bx
R &k e B TR B UG AR, R, B T3
T AE 1R A e I 3% T DA 40 i o el A B v
R SR ) 1) )

AV E N A ) B B 2 A 18 SRk 4,
SR =40 E A5 B AR E SRR . BB R 41
73T YOLOVS f AR I I SR e hr i, 42
w7 B NLAE NI . GAO P Bt T YOLOV3
By, i\ CBAM (convolutional block attention module)
TERSINLEI DA s &1, IF45-A X H SLARAHNL IR I
M =4AEER, EARZENT 1.5%. XLEHFRR,
BLES AL 7] DA 8O TR AR b A iR 2R 58 8 . PR FEAH
BB RESR I AR R R B, H I =4 € A7 )= BRI UK,
T4 e ART 3@ i 43t YOLOVSs 523 i1 4% 5 10 v ks A6
W, AR HAE S E AU B AR EAT 8 A 50 TR A 28 48
i, 0 HAR R T RET E AL A A, RS HEE AL,
AT DL S fa] AR TR I 25 5 (%) s ) 4509 ok 3k B G
Y KRS H, st ESEPR O SR E .


https://doi.org/10.11975/j.issn.1002-6819.202404143
https://doi.org/10.11975/j.issn.1002-6819.202404143
https://doi.org/10.11975/j.issn.1002-6819.202404143
https://doi.org/10.11975/j.issn.1002-6819.202404143
https://doi.org/10.11975/j.issn.1002-6819.202404143
https://doi.org/10.11975/j.issn.1002-6819.202404143
http://www.tcsae.org
https://doi.org/10.11975/j.issn.1002-6819.202404143
https://doi.org/10.11975/j.issn.1002-6819.202404143
https://doi.org/10.11975/j.issn.1002-6819.202404143
http://www.tcsae.org
mailto:m13172219939@163.com
mailto:zhulixue@zhku.edu.cn

116 flk TR (http:/www.tcsae.org)

2024 4

n, xR R R A ERR, @3 YOLOv4 TR
RO =40 E . B E ARGV R T ERIREE T
FEXFH I =4eehn, ARTRERA MG, RE
R R AN B A W AME, W KPR R R Re 15
FIHEREE, IR BT 0 e s A I 0 H ARl 5
Poo FARMAER ST e HE R R-CNN 22 R 45
R, %R R HE A R 1 R X, e AR
K

FRTFEAEW TR 1) FETIRE S I ER
RUBR, FeFRANE TR, M DL 2 SE i 1 S A 7Y
MESEER, 2) LhrfEm A ERNE WA K, K
PAREM SR EZ TS, SRR E TR, LHAE=
e, B BEAGTHE IR M. 3D PREAHNLIREL
RERGE, X, ERMEREEmW, & B
RIRERFRERM RIS, FECH bR =4 ¢ 7R 21
Ko BT, ALEVERUE FHEFESESE, X
Bt YOLOVT A6l WX 28 A58, o B0 A5 AR A7 72 110 1) 3k

ITREB R S 5 Ak, 9 AL R 4 12 (BT 7E
Ak

1 MR5RE

1.1 2d YOLOV7 ek B FRia i aY o 2% 5244
ALHEH T RL-YOLOVT #E% (rotated-lightweight-
YOLOvV7), it di# YOLOVT fABY, s8em 7 H R
AR AR B B8 . RL-YOLOv7 H Backbone. Neck
N Head =#B 4> 2HA%.: Backbone 1 5 M % N\ B 4% b $2 B
FRIE, Neck KA [H] RBE FORFE A& ARSI B 2237 508 4K,
H i I GSConv B D W 45 S HMTHH &, 98
T2 RERFIER S, IREREAAEFERE I TR
77, Head HEAT 40 ZEAN[EH, J8iE KLD 52Kk iR £00 e
I FHREN) 5 A SEGEAT DAV, KLD 1 2% s FoaE i
Ve AR R MR 0 AT, fR R T A AR B 1) R,
FIE AT LR A& B R A, T3 = T e Ak
B o IR Rk I B 1 AR A R S e R SR A A I

=+ FBackbone SPPCSPC

Transition_Block
% Nnputs

MaxPool_2D

[ Concat+Conv2D_BN_LeakyReLU | [

Concat

| Transition_Block |

| Multi_Concat_Block I

UpSampling2D

-

| Transition_Block |

v

| %l NInputs |
v i ¥ ¥
L Es e ][]
[ [ [ J
¥
| Multi_Concat_Block |
F i Neck

ki Head

Concat+
Multi_Concat_Block

I RepConv |—>| YoloHead

Transition_Block

| Multi_Concat_Block I

N Concat+
Multi_Concat_Block

Concat+ |
Multi_Concat_Block |

{ RepConv |—»|  YoloHead

| Transition_Block |

UpSampling2D

| Multi_Concat_Block |

[ SPPCSPC |

Transition_Block

» Clomeris: IRepConv |—>| YoloHead |

Multi_Concat_Block

VE: Conv2D BN LeakyReLU f5&#)Z. fit®:H—4b)Z FI¥IE K%L, SPPCSPC #& SPP 1 CSPN (44,

K/IN, Transition Block J&4b¥E £ R B R,
Note:

SPPCSPC #1 1, 5, 9, 13 2 RIMSEIMALE HI#%

The Conv2d_BN_LeakyReLU refers to the convolutional layer, the batch normalization layer and the activation function, reapectively. SPPCSPC is a

combination of spatial pyramid pooling (SPP) and cross stage partial Networks (CSPN). In SPPCSPC, 1, 5, 9, and 13 represent the kernel sizes of the pooling layers.
The Transition_Block is a module used for processing multi-scale information transitions.
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Inputsfii A

A
[ Concat+Conv2D BN LeakyReLU |

VE: GSConv 2N GSConv #F7, Conv2D BN _SiLU A conv2d #E#7)Z . Batch
Normalization #ftE:JH—1LZ Fil LeakyReLU 0I5 ER%L, Concat FoRFFIEHHE .
Note: GSConv represents group shuffle convolution. Conv2d BN_SiLU
represents the convolutional layer, BN refers to the batch normalization layer,
and LeakyReLU activation function.Concat indicates feature concatenation.

B2 %o5iidts
Fig.2 Muliti concat block
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Note: ¢, is the number of input feature map channels. ¢, is the number of output
feature map channels. Shuffle refers to the rearrangement of feature channels.

B 3 GSConv A4
Fig.3 The structure of the group shuffle convolution (GSConv)
module
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a. Negative Angle diagram
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b. Positive Angle diagram
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Note: The (x,y) are the center coordinates of the bounding box, /# and w represent
the height and width of the bounding box, and @ is the rotation angle of the
bounding box, (°).
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Fig.4 Schematic diagram of the rotating frame at positive and
negative rotation angles
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a. Horizontal annotation
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b. Rotate annotation
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Fig.5 Comparison chart of horizontal boundingbox and rotated
boundingbox annotation methods
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a. RGB image
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b. Depth image
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Note: The red box are the areas of the stalk of the banana, and the yellow circles
are the empty areas on the depth image.

Bo BiHRHREAHZRAALTEH

Fig.6 Schematic diagram of hole phenomenon in the target stalk
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a. AAALAL bR 2 Fs J 2 ]
a. Camera coordinate system
projection principle picture

b. IR AR R AR &
b. Image coordinate system
2D imaging picture

T POASEIARHLON ) RAR B0 SN R K 25 (8] 5, AB AR EAR, H 2r
For, HAARNUEMGALFR A ab, F w RoR, FAMPLINERE, Xy
NEBAIER, opuv NWERMBIFR, O-XY.Z NHHLALIRFR.

Note: P is the space point on the outer surface of the centroid of the fruit stalk
near the camera side. AB represents the diameter of the fruit stalk, denoted as 27,
and its projection in the camera image coordinates is ab, denoted by w. f'is the
focal length of the camera. xy represents the image coordinate system, o,-uv
represents the pixel coordinate system, and O.-X.Y.Z. refers to the camera
coordinate system.

B7 FERMRCZHEETERER
Fig.7 The schematic diagram for calculating the three-
dimensional position of the banana stalk's centroid
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Note: The red bounding boxes represent the detection objects of banana bunches,
the blue bounding boxes represent the detection objects of banana stalks, and the
yellow bounding boxes in the figure is the missing object of the algorithm.
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Fig.8 Comparison of detection results of RL-YOLOv7 and
YOLOvV7
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Table 1 Detection results under YOLOv7 and RL-
YOLOV7 models
RWES R sk
Correct detection Error detection 155INg
Kal Mg B detection
Category Totality Model ., FEHL ., HEASL . B
(4 (4 (4
Percent/ Percent/ Percent/
Number =~ Number =~ Number %
RS YOLOv7 266  97.8 0 0 6 22
Banana 272 RL-
cluster YOLOV7 267 98.1 1 0.36 5 1.8
FRER YOLOv7 77 579 0 0 56 42.1
L]
133 RL-
Banana YOLOV7 130 97.7 0 0 3 2.6
stalk
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Table 2 Detection results of different detection network models

; AP/% o HEBIT (] S8
i JEU —_—m [m] 22
I\Eg:el EReh HAE mAP/% E‘Rﬂ/j&— F1/% Inference Params/ FLOPs

time/ms MB

YOLOv5  92.61 63.64 78.12 40.01 46.00 11.60 7.06 8.24
YOLOv7 9450 63.71 79.11 50.11 55.00 24.75 3720 52.56
YOLOv7-tiny 91.10 8542 88.26 58.72 75.00 8.56 6.02  6.59
RL-YOLOv7 94.78 97.51 96.15 95.54 95.50 9.15 504 573

i AP UKETHER, mAP A THIRHE, ROAAEE, F1OYRMTHHE,
FLOPs J3iF miiz 54

Note: AP is the average precision, mAP is the mean average precision, R is recall,
F1 is harmonic average, FLOPs is the floating point operations.
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Ry Pgﬁﬁ FLOPs/ o b 0 A I PS/
Models arams/ GB mAP/% R/% F1/% Inference Ws™)
MB time/ms
Baseline(CBS) 6.02 659 8826 58.7275.00 8.56 116
Baseline+ CBL 6.02 659 8471 57.1368.00 8.12 122

Baseline+Ghost 504 573 84.12 49.8659.50 8.78 113
Baseline+ GSConv 504 573 8274 46.0054.87 9.19 108
Baseline+tKLD, CBS ~ 6.02  6.59 94.49 82.4986.50 8.25 121
Baseline+tKLD,CBL ~ 6.02 659 94.83 94.6892.50 8.18 122
Baseline+tKLD, Ghost  5.04 573 93.42 82.2786.50 8.74 114
Baseline+tKLD, GSConv 5.04 573 96.15 95.5495.50 9.15 109
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Ghost ##!, GSConv %% GSConv #H#!, KLD 4 Kullback-Leibler & #ii %k
M, FPS AMLHR.

Note: The Baseline is YOLOV7tiny, CBS is the combination of conv2d convolution
layer, Batch Normalization layer and SiLU activation function,CBL is the
combination of conv2d convolution layer, Batch Normalization layer and
LeakyReLU activation function number. Ghost stands for Ghost convolution,
GSConv stands for group shuffle convolution, and KLD stands for kullback-leibler
divergence loss function, FPS is frame per second.
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Fig.9 Comparison of network visualization features between
YOLOV7 and RL-YOLOV7
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Note: a is a local enlargement of the target detection box for the banana stalk, b
is the corresponding local enlargement of the depth image for a, and c is the local
enlargement of b after depth restoration using the Criminisi method.
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Fig.11 Criminisi algorithm repaired target region image of banana
stalk
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Table 4 Depth value comparison of banana stalk positioning

- SERR YOLOV7 RL-YOLOV7 [f]
el Actual
Number Z/mm E/mm E /% z,/mm E/mm E /%
measurement z,,,
1 1400.00 1364.0 36.00 2.57 14025 2.50 0.18
2 1313.50 1287.0 26,50 2.02 1317.88 4.38 0.33
3 953.50 0 - - 964.62 11.12  1.17
4 1079.40 1047.0 3240 3.0 108342 4.01 0.37
5 1073.40 1043.0 3040 2.83 1086.51 13.10 1.22
\/i}
T\/[,Jﬁ - 3132 261 - 7.02 0.65
ean

e oz, Mz, 23519 YOLOVT A1 RL-YOLOVT Krlll R E: E, E, 2515
R ZE AR T8 M R 2

Note: z., and z., are the depth values corresponding to the YOLOv7 and RL-
YOLOV7, respectively. E, and E,, are the mean error and the mean error ratio
respectively.
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perspective
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Detecting and locating banana targets using improved YOLOvV7 and
rotational bounding box positioning

WU Rongda'? , ZHANG Shi'ang® , FU Genping* , CHEN Tianci® , LAI Yingjie? ,
LUO Wenxuan® , GUO Xiaogeng® , ZHU Lixue®*

(1. Jiangmen Power Supply Bureau, Guangdong Power Grid Co., Ltd., Jiangmen 529000, China; 2. School of Electro Mechanical
Engineering, Zhongkai University of Agricultre and Engineering, Guangzhou 510225, China; 3. College of Engineering, South China
Agricultural University, Guangzhou 510642, China; 4. School of Automation, Zhongkai University of Agricultre and Engineering,
Guangzhou 510225, China; 5. School of Innovation and Entrepreneurship, Zhongkai University of Agricultre and Engineering,
Guangzhou 510225, China)

Abstract: Current target detection cannot adapt to the tilted targets so far. Particularly, the objects are not aligned vertically or
horizontally, such as the bananas in orchards that typically grow at varying angles. Furthermore, the large number of
parameters are also confined to deploy on the embedded devices with limited computing resources. Moreover, the high
computational requirements of advanced models have hindered their deployment on embedded systems, which are commonly
used in agricultural automation. In this study, an improved YOLOv7 algorithms was proposed for the banana target detection
and localization with a rotational positioning frame. GSConv module was also incorporated to reduce the computational
complexity and the number of parameters in the model for the high detection accuracy. Specifically, the GSConv module was
the lightweight convolutional structure to maintain the model efficiency, thus more feasible for the real-time applications on
embedded platforms with constrained hardware. The banana target was firstly positioned using a rotational bounding box, and
then defined by a five-parameter representation. The tilted objects were better handled, as the rotational bounding box was used
to accurately represent the various angles at which bananas grow. Furthermore, the Kullback-Leibler divergence loss function
was employed to map the rotational frame into a two-dimensional Gaussian distribution. As such, the difference between two
probability distributions (the predicted box and the ground truth box) was calculated to optimize as the loss function. The KL
divergence-based approach also provided a more precise measure on the difference between the predicted and the actual
bounding box, thus improving the localization accuracy. Another, Criminisi algorithm was integrated to solve the problems on
the local holes of depth camera, where depth information was missing, due to the influencing factors, such as light interference
or occlusions. Among them, the image inpainting was implemented to fill the missing information, and then correct the
positioning errors in the depth data, further enhancing the accuracy of three-dimensional localization in the real-world orchard
environments. Experimental results show the significant improvements were achieved in the detection speed and accuracy of
banana targets using the improved model. Specifically, the average detection accuracy reached 96.15%, which was an
impressive 17.04% increase over the standard YOLOvV7 model. Additionally, the detection frame rate of the improved model
was boosted by approximately 40 frames per second, highly suitable for real-time applications in agricultural settings.
Moreover, the position of banana stems was predicted to notably enhance using the rotational boundary frame. The mean
positioning error was reduced to 7.02 mm, and the mean error ratio was now 0.65%, which were reduced to 24.3 mm and
1.96%, respectively, compared with the original YOLOV7. In conclusion, the improved model can offer an effective solution to
the fast and accurate identification and localization of banana bunches and fruit stalks in complex orchard environments. The
higher detection accuracy was also achieved to significantly reduce the computational requirements, particularly for the real-
time agricultural applications on embedded devices.

Keywords: bananas; picking; YOLOV7; three-dimensional localization; rotational bounding box; depth image restoration
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