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Note: Conv2d represents two-dimensional convolution; Conv represents convolution module; Concat represents feature fusion; Detect represents detect block; BN
represents batch normalization; SiLU represents the SiLU activation function; MaxPool represents maximum pooling; Add represents tensor addition; SPPF represents
spatial pyramid pooling fast; C2f Star, SSFF and TFE are synthesis modules. The same below.

B 1 YOLOV8-KFP W% t5#)H

Fig.1

!

Conv

ﬂ

StarBlock

StarBlock
1

Concat
1

Conv

il
7. Split FRHIEEIRI 4 StarBlock & Bitsi.

Note: Split represents feature map partitioning; StarBlock is a synthesis module.
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Fig.2 C2f Star structure diagram
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Network structure diagram of YOLOv8-KFP
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Note: DW-Conv represents depthwise convolution; FC represents fully
connected; ReLUG6 represents the ReLUG6 activation function; *represents
multiplication operation.
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Fig.3 StarBlock structure diagram
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N
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Upsampling Unsqueeze ./

Squeeze
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3D Conv

7: Upsampling &7R FRAEE: Unsqueeze Ry JRAERE: Stack RoR{EX AN IKEIEF YR EHES, TERBITKE; 3D Conv R =454 3D BN #m=
HYEfE A —1k; LeakyReLU #/R LeakyReLU W#Ui%i i %l; MaxPool3d Fn =4t Kilifl; Squeeze F/RIEAGLESE

Note: Upsampling represents upsampling; Unsqueeze represents expanding dimensions; Stack represents stacking multiple tensors along a new dimension to form a new
tensor; 3D Conv represents 3D convolution; 3D BN represents 3D batch normalization; LeakyReLU represents LeakyReLU activation function; MaxPool3d represents
3D max pooling; Squeeze represents squeezing dimensions.
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Fig.4 Scale sequence feature fusion process
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Fig.5 Triple feature encoder x = Grid_sample(x,S) (D
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Note: x represents the input feature map; H, W, and C represent the height, width, and number of channels of the feature map; s represents the upsampling scale factor;
sH, sW, and 2g represent the height, width, and number of channels of the sampling set; x' represents the upsampled feature map. The same below.
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Fig.6 DySample upsampling process
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Note: G represents original sampling grid; O represents offset; S represents
sampling set; o represents sigmoid function; 2gs” represents the number of
channels of the feature map after passing through the linear layer.
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Fig.7 Sampling point generator
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Fig.8 Loss function variation curve of YOLOv8-KFP
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Table 3 Comparative experiments
o SR iotllbeti
Mo dél P/% R/% mAP,s/% FLOPs/G Parameters/ Detectleni
M speed/(1i-s ")
SSD 81.8 78.5 85.4 274.5 24.01 61.53
YOLOv5n  84.1 82.1 87.8 7.1 2.50 126.08
YOLOvén 823 83.0  88.0 11.8 423 138.41
YOLOv8n 84.2 83.6 88.6 8.1 3.01 134.19
YOLOv8s  84.8 85.1 89.7 28.4 11.13 131.55
RT-DETR-r18 86.2 85.9 88.0 57.0 19.88 50.41
YOLOv9t 84.0 832 884 7.6 1.97 65.84
YOLOv1On 83.7 82.3 86.9 8.2 2.70 101.68
YOLOvlin 82.1 85.5 88.2 6.3 2.58 102.44
YOLOvI2n 84.0 83.9 88.3 5.8 2.51 74.04
YOLOVS-KFP 89.1 88.7 924 7.6 2.66 83.68

Table 1  Ablation experiments
+ S
Soft-NMS C2f Star sggg DySample ’OZ f,Z mé/i’ os/ F Lgp s/ Parémﬁim

- - - - 842836 886 8.1 3.01
Y - - 84384.1 88.8 8.1 3.01
\ \ - - 86.8863 90.6 7.2 2.60
\ - R - 87.887.0 914 85 3.05
V - - N 872867 909 8.1 3.02
\ x/ R - 88.087.5 92.0 76 2.64
\ \ - N 879872 915 72 261
\ - R N 884880 921 85 3.06
\ v \ \ 89.188.7 924 76 2.66

T 7 FORARHNERE N7 RORH B PSRRI R NERE
Ky mAP, s For ToU BIE A 0.5 I (19T A5 48 FLOPs AT A H &,
ENCIB

Note: “-” represents that the module is not used; “N” represents that the
module is used; P represents precision; R represents recall; mAP s represents the
mean average precision when the IoU threshold is set to 0.5; FLOPs represents the
number of floating point operations. The same below.
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L A K8 0 P 25050 PO 286 3 3k &85 - S [ RUJEE 1 AR 10E I
FETE TN 2 REEVR IR GE 77, X5 T 1Y SRAS R0 X 40 45
FROE R RE S 2 G E B . T VPl SSFF+TFE kil
T 20 DX 5% 1) 1k e AR L, SR PH T R S R 2% Sk Uy ik
BiFPNP’L,  Slim-Neck™". RepGFPNP!  HS-FPNP xf
YOLOvSn #4723k, 5t YOLOvSn AR A 24 7 ik viidk
JE AR T XL, iR 45 Rk 2 iR

F2 TERMLE ST

Table 2 Comparison of neck network improvement

% 3 AJ %1, YOLOVS-KFP BB ks R . X mF
FIP- L5342 948 20 51 89.1%- 88.7% Al 92.4%, N
At . 5SSD. YOLOV9t. YOLOvV10n. YOLOvIIn
A1 YOLOvI2n A, YOLOvVS-KEP 157 ()~ 35 5 21
SRR T 7.00 4.04 550 4281 4.1 NE . LAk,
YOLOVS-KFP # U ({1 7F ri iz L E M S HE 5 5N 7.6 G
F12.66 M. 5 SSD. YOLOv6n. YOLOvSs A1 RT-DETR-
r18 A, YOLOvVS-KFP A58 (1) 7F i ia 5 & 4 Bl BRI T
97.2%- 35.6%- 73.2% F186.7%; ZHE KT 88.%-
37.1%- 76.1% 1 86.6%. TERZIIEE £, YOLOvV8-KFP
Tk 5 83.68 s, AHHL SSD. RT-DETR-r18. YOLOV9t.
YOLOvI2n 43535 T 36.0%. 66.0%- 27.1% 1 13.0%.
ZRGK%E, YOLOVS-KFP AV GF T4 | ArillPEge. if
B A BRSBTS R A B A WU 7 S B B
RS B S S AR R oK

N T BGAE YOLOVS-KFP A5 R 75 At i Al BR A6 ik 46 2
KT 25 ERotERE, A ST LT R4 1 B b i ik
300 KIEGEG, HIE “tRE” SFERE B TE I EIE
HHFEFATIZ R, SRUWE 4 Fin.

F4 Iz

o) ) Table 4 Generalization experiments
- 0, 0,
Model Pl% RI% mAP5/% TR Model Pl% RI% AP, %
YOLOv8n 84.2 83.6 88.6 YOLOv8n 82.9 82.4 87.0
YOLOv8n-BiFPN 84.1 84.7 89.2 YOLOvOt 82.5 82.3 86.7
YOLOv8n-SlimNeck 83.8 82.4 88.0 YOLOvIOn 81.6 80.0 85.5
YOLOv8n-HSFPN 82.5 83.2 87.9 YOLOvI1n 81.2 83.4 86.0
YOLOv8n-RepGFPN 86.0 84.7 90.3 YOLOvI2n 82.7 80.7 86.4
YOLOvV8n-SSFF+TFE 87.5 86.7 91.2 YOLOv8-KFP 84.1 83.5 88.8
4 27 A1, SR SSFFSTFE 8 5t % i 5 [ 4 TR, 2 RAT SRR K2
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Note: The flowers in the blue circle are missed or incorrectly detected, The red
detection box corresponds to the bud stage, the pink detection box corresponds to
the half open stage, the orange detection box corresponds to the full open stage,
and the yellow detection box corresponds to the withering stage. The same
below.
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Fig.9 Detection performance for densely distributed flowers
before and after improvement
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Fig.10 Detection performance for different flowering periods
before and after improvement
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Fig.11 Confusion matrix for different flowering periods
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Method for detecting densely distributed kiwifruit flowering period based
on improved YOLOv8n

LIU Jianjiang , LI Shugin™
(College of Information Engineering, Northwest A & F University, Yangling 712100, China)

Abstract: In order to solve the problem of difficult detection caused by the heavy occlusion and overlap of kiwifruit flowers at
different flowering periods, this study proposes YOLOvVS-KFP, a densely distributed kiwifruit flowering period detection
model based on improved YOLOv8n. Firstly, taking the lightweight YOLOvVS8n as the benchmark model, StarBlock is used to
improve the C2f of YOLOVS8n, and the "Star operation” is used to enhance the ability of feature expression, so as to reduce the
amount of model parameters and calculation and improve the ability of feature extraction. Secondly, the scale sequence feature
fusion (SSFF) module and the triple feature encoder (TFE) module are introduced into the neck network to fuse the feature
maps of different scales, so as to enhance the ability of the model to capture the multi-scale details and alleviate the problem of
false detection and missing detection of blocked and overlapping kiwifruit flowers; The DySample upsampler is used to replace
the traditional interpolation method to dynamically adapt to flower targets with different scales, shapes and boundaries,
alleviate the fuzzy problem of dense flower edges, and improve the target positioning accuracy. Finally, the Soft-NMS post-
processing algorithm is introduced to further optimize the detection effect of dense targets by adjusting the confidence of
overlapping candidate boxes to reduce false deletion. 3 853 images of kiwifruit flowers densely distributed under natural
conditions were collected and labeled according to the bud stage, half open stage, full open stage and withering stage.
Combined with a variety of data enhancement strategies, 300 epochs of iterative training were completed on NVIDIA A40
GPU platform. Ablation experiments show that the use of C2f Star module to improve the backbone network, the introduction
of SSFF module and TFE module to improve the neck network, the use of DySample upsampler, and the use of Soft-NMS post-
processing algorithm can respectively improve the performance of the model to a certain extent, and the improved module has a
significant synergy. The final model achieved the precision (P) of 89.1%, the recall (R) of 88.7%, and the mean average
precision (mAP) of 92.4% at an intersection over union (IoU) ratio of 0.5, while reducing the number of parameters and
floating point of operations (FLOPs) to 2.66 M and 7.6 G, respectively. The improvement effect of the feature fusion network
using SSFF module and TFE module and various feature fusion networks such as BiFPN, Slim-Neck, RepGFPN, HS-FPN on
YOLOv8n were compared. The YOLOvS8n using SSFF module and TFE module to improve the feature fusion network
achieved the best effect in precision, recall and mAP, s, showing its excellent performance in multi-scale feature fusion of
kiwifruit flowers. Compared with the mainstream lightweight target detection models SSD. YOLOv9t. YOLOv10n.
YOLOvlln and YOLOvVI12n, the mAP,s; of YOLOv8-KFP is increased by 7.0, 4.0, 5.5, 4.2 and 4.1 percentage points
respectively. Compared with the more complex YOLOv8s, YOLOvV8-KFP is increased by 2.7 percentage points on mAP, s, the
amount of FLOPs is reduced by 73.2%, and the amount of parameters is reduced by 76.1%, giving good consideration to the
detection accuracy and the lightweight of the model. Moreover, the visualization results show that the improved model
significantly reduces the missed detection rate in complex scenes such as branches and leaves occlusion and flowers occlusion,
and can more accurately distinguish flower targets in different flowering periods, and has stronger robustness in the densely
distributed kiwifruit flowering period detection task. The research results provide a high-precision and lightweight detection
method reference for kiwifruit intelligent pollination robot, and have practical application value for improving the level of
orchard automation management.

Keywords: deep learning; object detection; model; YOLOVS8n; kiwifruit flowering period; multi-scale feature fusion
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