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Abstract: Globally, grape cultivation spans vast areas and achieves substantial yields, making grapes and related industries
vital economic pillars for many nations. In grape production, efficient and precise management during key growth stages is es-
sential for enhancing both yield and quality. In view of the problems that during the grape inflorescences and young fruits
stage, the targets are small in size, easily obscured by branches and leaves, and highly similar in color to the background,
resulting in poor recognition performance of existing detection methods in complex natural environments, which in turn
restricts the application of precision spraying technology. This paper establishes a dedicated dataset for grape inflorescences
and young fruits in Xinjiang and proposes an improved lightweight detection model, YOLOvVS-FCD. The model incorporates
a PConv-based C2f Faster module to reduce parameter count and computational complexity, replaces the original up-
sampling method with the CARAFE module to enhance feature extraction capability, and introduces the Detect SEAM detec-
tion head to improve recognition accuracy under occlusion and small-target conditions. Experimental results show that the
YOLOvV8-FCD model achieves a detection precision (P) of 93.7% and a recall (R) of 87.3%, with a mean average precision
(mAP) of 94.6%. Compared to the original YOLOv8n model, P improved by 8.2%, mAP increased by 2.6%, and the model
size is reduced to 85.71% of the original. This model provides effective technical support for the identification of grape inflo-
rescences and young fruits in intelligent spraying for plant protection.
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0 Introduction

The Chinese grape industry has become intensive and large-scale, with the country ranking as the world’s
second-largest producer and leading producer of fresh table grapes'’. Plant protection operations are a critical com-
ponent in the grape cultivation process, significantly influencing grape growth and quality. The application of plant
growth regulators during the inflorescence and juvenile stages is a crucial horticultural requirement in the cultivation
and management process of fresh table grapes. It can effectively stimulate the production of large-grained, seedless
grapes, thereby enhancing both the yield and quality of fresh table grapes, ultimately bolstering their economic via-
bility >,

While plant protection operations for grapes have largely achieved mechanization, issues such as severe pesti-
cide waste, uneven deposition, and low efficiency in traditional application machinery are becoming increasingly
prominent. The application of plant growth regulators during the inflorescence and juvenile stages typically depends
on farmers using handheld backpack sprayers or electric sprayers. Inaccurate pesticide application strategy had a bad
effect on grape quality and could not achieve pest control, greatly increasing labor costs and safety risks'*”. In mod-
ern agricultural production, intelligent robot-assisted plant protection operations offer significant advantages over
traditional manual labor. The identification of grape inflorescences and fruitlets with a lightweight model can pro-
vide essential technical support and intelligent solutions for precise spraying of grape growth.

In recent years, target detection algorithms based on convolutional neural networks (CNN) have shown excel-
lent performance'®”'. The deep learning algorithms currently widely used for fruit and crop detection mainly fall into
two categories. One is the two-stage algorithm based on candidate regions represented by region-based convolu-
tional neural networks (R-CNN) '"®" | Faster R-CNN'""?/ | which divides the detection process into two stages,
focusing on the accuracy of target detection. The other is the one-stage algorithm based on regression represented by
single shot multiBox detector (SSD) "', you only look once (YOLO) "“'*', which converts the target detection
task into an end-to-end regression problem, thus having better performance in real-time detection speed and can
achieve rapid deployment on the edge side'”’. In order to detect tomatoes under the influence of various environmen-
tal factors, Gao et al.'"® proposed an improved model based on the original YOLOVSs. In their approach, they
added a convolutional block attention module (CBAM) to the feature extraction network. Furthermore, they intro-
duced an improved soft non-maximum suppression (Soft-NMS ) method in the prediction part of the YOLOVS5s net-
work model. The overall performance of the improved model surpassed that of the original YOLOVS. Du et al.""’
proposed an improved Mask R-CNN model based on the ResNeXt network and integrated path enhancement to im-
prove the detection and segmentation performance of fresh grape inflorescences and pedicels. They proposed a col-
lection of logical algorithms to locate the gripping points of fresh grape inflorescences, effectively solving the prob-
lem of difficult detection of small targets such as fresh grape inflorescences and pedicels. Sun et al.””’ improved the
YOLOVSs detection model for rapid and accurate identification of grape targets in complex orchard environments.
They substituted the lightweight backbone network (MobileNetv3) and integrated the coordinate attention module
(CA) into the backbone structure. Additionally, they incorporated the reparameterized VGG-style network
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(RepVGG) block into the neck network to improve detection accuracy by merging multi-branch features. More-
over, they employed structural reparameterization of the RepVGG block to accelerate model inference speed,
thereby enhancing both detection accuracy and speed for grapes. Wang et al.*'’ improved the YOLOvS8n detection
model to enhance the recognition accuracy of camellia oleifera fruit under conditions of severe occlusion, near-
scene color, and the coexistence of small targets. They employed MPDIOU as the loss function for YOLOv8n, in-
corporated a small target detection layer into the network, and utilized SCConv as the feature extraction network.
Consequently, the improved COF-YOLOv8n network showed an increase in P, R, and mAP by 3.2%, 4.8%, and
2.4%, respectively, compared to the original YOLOv8n.

In the complex grape cultivation environment, the contours of grape inflorescences and fruitlets are irregular.
Their colors are very similar to those of the surrounding leaves and branches, making detection challenging. Addi-
tionally, these targets are relatively small and exhibit significant differences in morphological characteristics and
color compared to mature grapes. Existing methods are not suitable for detecting grape inflorescences and fruitlets.
Therefore, to accurately and quickly detect grape inflorescences and fruitlets in a complex environment, this paper
proposed an improved YOLOVS-FCD grape inflorescences and fruitlets detection model, which is based on the YO-
LOv8n algorithm. This provides a theoretical basis and technical support for the automation of grape plant

protection.

1 Experimental Data

1.1 Image Acquisition

The image data for this paper was collected from a grape planting base in Huyi District, Xi’an City, Shaanxi
Province, China, with geographical coordinates positioned at 33°46'-34°16’ N and 108°22'-108°46’ E. The data col-
lection window extended from May 10, 2023, to May 24, 2023, with the shooting time ranging from 09: 00 to
15:00. The shooting equipment was a Redmi K40 smartphone (Xiaomi M2012K11AC) , with a collected image
resolution of 4 000 x 3 000 pixels, horizontal and vertical resolution of 72 dpi, and an aperture value of f/1.79,
with exposure time set to automatic. The images were taken under natural light, capturing various environmental
conditions such as front light, backlight, close-up, long-distance, downward angle, and upward angle to improve
data diversity and enhance the model’s generalization ability. This approach yielded a total of 488 grape inflores-

cence images and 536 grape fruitlet images. Exemplary images are presented in Figure 1.

(c) Multiple targets of inflorescence (d) Multiple targets of fruitlets

Figure 1 Examples of grape inflorescence and fruitlet collection images
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1.2 Dataset Construction

This experiment involved researchers with expertise in grape morphology using the Labelimg tool to annotate
rectangular bounding boxes around target regions in the original images, setting the label for grape inflorescence as
“huasui” and the label for fruitlets as “youguo” , and generating annotation files in the PASCAL VOC (pattern
analysis, statistical modelling and computational learning visual object classes) format. The ground truth box, re-
ferred to as the marker box, is utilized to annotate defect information within the image. The label file records the co-
ordinate information of the ground truth box. Figure 2 depicts an image instance from the dataset that has been la-

beled using Labelimg.

;einiuge

(a) Ground-truths of grape inflorescences (b) Ground-truths of grape fruitlets

Figure 2 Annotation diagram

In light of the complexity of the orchard environment, to enhance the robustness of the model and to avoid
overfitting, Python scripts were used to perform data augmentation on the annotated images, including random rota-
tion (£45°), mirror transformation, and adding Gaussian noise (mean 0, variance 0.01). Two new images were
generated for each original image. After generating new images, the research team conducted a rapid visual inspec-
tion of all augmented samples to ensure that all images used for training were of high quality and effective. The final
dataset amounted to a total of 3 072 images, including 1 464 grape inflorescence images and 1 608 grape fruitlet im-
ages. Finally, the entire dataset was partitioned into a training set and a validation set, and the VOC format XML
files were transformed into YOLO format TXT files to serve as model input for training. The dataset distribution is

shown in Table 1, and the expanded images are shown in Figure 3.

Table 1 Distribution of grape inflorescences and fruitlets dataset

Category Number of photos Label Number of labels Total number of labels
L huasui 2 796
Training set 2764 7573
youguo 4777
o huasui 312
Validation set 308 842
youguo 530

The data augmentation methods of YOLOVS include mosaic, adaptive anchor box calculation, and adaptive
target scaling. Mosaic data augmentation involves randomly cropping, flipping, scaling, and changing the color
range of four images, and then stitching them together onto a single image as training data. The advantage of this
approach is that it enriches the background of the images, and the stitching of the four images effectively increases
the batch size. This method can effectively expand the dataset, improve the network’s performance and robustness,

and reduce memory consumption. As illustrated in Figure 4, the mosaic data augmentation effect is significant.
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(a) Original image (b) Random rotation + Padding (c) Mirror + Noise

Figure 3 Data augmentation examples for grape inflorescences and grape fruitlets
Note: The first row consists of multiple data augmentation examples for grape inflorescences, while the second row consists of mul-

tiple data augmentation examples for grape fruitlets

(a) Grape inflorescences (b) Grape fruitlets

Figure 4 Mosaic data augmentation effects

2 Grape Inflorescences and Fruitlets Target Detection Method

2.1 Baseline YOLOvV8 Network Model

The YOLOVS is a state-of-the-art (SOTA) target detection algorithm launched by Ultralytics in 2023, building
upon the historical versions of the YOLO series and introducing new features and improvements to further enhance
performance and flexibility. YOLOvS, based on scaling factors, provides models of different scales such as n/s/m/l/
x to meet the needs of various deployment platforms and application scenarios. In the backbone network, YOLOvV8
has replaced the C3 module from the previous YOLOvVS model with the C2f module, achieving further lightweigh-
ting while continuing to use the SPPF module from YOLOvVS, and fine-tuning for different scale models signifi-
cantly improves model performance. In the neck network, the 1 x 1 convolutional layer has been removed. The de-
tection head has been replaced with the current mainstream decoupled head structure, separating the regression
branch and the classification branch, reducing the model complexity. YOLOv8 uses VFL Loss as the classification
loss (BCE Loss is used in actual training) , and DFL Loss + CIOU Loss as the regression loss, improving the
model’s detection accuracy and precision for targets.

The entire YOLOvVS8 model structure consists of four parts: The input end, the backbone network, the neck net-
work, and the head network. Firstly, the input image undergoes preprocessing for the image data of the target to be
detected at the input end. Then, it is input into the Darknet53 backbone network composed of convolutional layers,
pooling layers, and residual connections to gradually extract features at different levels of abstraction. Secondly,
the neck network integrates the feature maps extracted from the backbone network, deepening the network’s hierar-
chical structure and increasing its nonlinearity to enhance the feature expression and generalization capabilities. Fi-

nally, the head network processes the final target detection task, and through multi-layer convolutional operations
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and feature maps of different scales, it can better predict the location and category information of the target.

Since the YOLOv8n network is the smallest model in the YOLOVS series and more easily meets the light-
weight requirements, this paper chooses to make improvements based on this.
2.2 C2f Faster Module

The C2f module utilized in YOLOvV8 encompasses a greater number of bottleneck structures. While this facili-
tates the extraction of more features, it concomitantly results in an excessive redundancy of channel information. In
the two-category detection task of grape inflorescences and fruitlets for this paper, the problem of redundant param-
eter volume and computational volume is more pronounced. Therefore, it is necessary to make lightweight improve-
ments to the feature extraction network module of YOLOvVS to ensure that the detection model has high real-time
performance on embedded devices.

In order to reduce the model’s parameter volume and computational volume and optimize the feature extraction
module, in this paper, we have introduced a C2f Faster module based on PConv, and improved the detection
model of this paper by replacing the bottleneck in C2f with the FasterBlock from FasterNet' *’. The PConv in Faster-
Net provides a more lightweight and efficient alternative, different from conventional convolution and depthwise
convolution. The core idea of PConv is to apply conventional convolution on some channels while keeping the input
unchanged on other channels. Its purpose is to reduce memory access and computational redundancy at the same
time, which helps to reduce computational complexity and memory access, thereby improving the efficiency of

CNN. Its working principle is shown in Figure 5.

Input Output
C[ Identity -
) & Filter

% *  Convolution w %

Figure 5 Structure of the PConv

The FLOPs equation (1), MAC equation (2), and r equation (3) for the PConv module are as follows:

FLOPs = h xw x k* X ¢, , €))

MAC=hxwx2c,+k**xc,~hxwx2c,, )
%

=%, ()

where / and w represent the length and width of the feature graph, respectively, k represents the size of the convo-
lution kernel, ¢, represents the number of channels participating in the convolution, and c represents the number of
input channels.

Due to the fact that the number of channels involved in the convolution is only ¢,, with ¢—c, channels not par-

b
ticipating in the computation, and typically the rate of channels involved in the convolution is 1/4, the memory ac-
cess of the PConv convolution module is only 1/4 of the conventional convolution, and the FLOPs are only 1/16 of
the conventional convolution. Among them, ¢, channels participate in the extraction of spatial feature information,
while the remaining channels remain unchanged, ensuring that the subsequent feature channel information is not
lost, while effectively reducing the model’s computational volume and memory access. For continuous or regular
memory access, the first or last continuous channel is regarded as a representative of the entire feature maps for cal-
culation. It is assumed that the number of channels in the feature map input and output is the same without losing
generality. In this study, we have employed the PConv to construct the FasterBlock, and by utilizing the mecha-

nism of class inheritance, the bottleneck within the C2f module has been replaced with the FasterBlock from the
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FasterNet (Figure 6). As the feature map passes through the FasterBlock, the PConv reduces the number of chan-
nels in similar feature maps, thereby decreasing the number of parameters involved in the computation, as well as
the computational redundancy and memory access. The output feature map is then followed by two 1 x 1 convolu-
tional kernels to ensure effective feature extraction. This design makes the C2f Faster more lightweight during fea-

ture extraction, further improving the model’s detection efficiency.

Conv
: \

:

'

PConv 3x3

Conv 1x1

Split

FasterBlock

Conv 1x1 Contact

Figure 6 Structure of the C2f_Faster module

2.3 CARAFE Up-Sampling

In the actual grape garden environment, the large background noise hinders the model’s ability to accurately
distinguish useful target information during the up-sampling process. This results in poor feature map quality and an
increase in useless interference information, which in turn affects the model’s final detection accuracy. In the YO-
LOvVS target detection network model, the feature pyramid structure employs a nearest neighbor interpolation up-
sampling method. This method only determines the up-sampling kernel based on the spatial position of the pixels,
focusing solely on local features. It lacks a mechanism to fully utilize feature information and has a limited receptive
field, failing to accurately reflect the image’s global features. To enhance the expressive power of the output target
feature information, this paper introduces a lightweight up-sampling operator, content-aware reassembly of fea-
tures (CARAFE)™!, into the feature fusion network of the YOLOv8n model. This addresses the issue of traditional
up-sampling operators ignoring semantic information in feature maps and their limited receptive field.

CARAFE is a lightweight up-sampling operator. Unlike deconvolutional up-sampling, which uses the same
fixed convolutional kernel for up-sampling in the feature maps, CARAFE supports instance-specific content-aware
processing and can dynamically generate adaptive kernels. Firstly, the input H x W x C feature image is com-
pressed to an H x W x C,, feature map through a 1 x 1 convolution with the number of channels reduced to C,,, and
then a content encoder with a convolutional kernel size of k,, % k,, is used to generate a reassembly kernel, resulting
in a feature map of size ¢ x k.. Secondly, through the pixel shuffle method, the height, width, and number of
channels of the feature map are reorganized in turn to obtain an up-sampling kernel of size oH x oW x k;,, fol-
lowed by softmax normalization processing. Finally, the feature image is input into the reassembly module, and the
features on each layer of the feature map are multiplied by the predicted up-sampling kernel to obtain a feature map
of size oH x oW x C. The structure of the CARAFE up-sampling network is shown in Figure 7.

CARAFE facilitates the reassembly of features within a predefined locale, each centered on a specific loca-
tion, by employing weights that are generated with content-aware intelligence. For each locale, there are multiple
sets of such weights dedicated to the up-sampling process, which are then rearranged to form a spatial block,
thereby accomplishing the up-sampling of features. Consequently, the substitution of the conventional nearest

neighbor interpolation up-sampling module in the YOLOvV8n model with the CARAFE up-sampling technique en-
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ables a heightened attentiveness to the distribution of features across the entire feature map. This approach augments
the model’s capacity to discern salient features during the up-sampling phase and bolsters the network’s proficiency

in feature extraction.

kernel prediction on module
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! content , H
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Figure 7 Structure of the CARAFE up-sampling network

2.4 Detect SEAM Module

Grape inflorescences and fruitlets are relatively small compared to mature fruits, and there are situations where
grape leaves, branches, and other foreign objects block the detection targets. The model detection is more difficult
in complex and multi-occlusion orchard scenes, which affects the final model detection accuracy. Therefore, in this
study, we combine the separated and enhancement attention module (SEAM)** with the detection head to rede-
sign it into the Detect SEAM detection module, as shown in Figure 8. The Detect SEAM detection module can en-
hance the model’s occlusion detection ability, achieve multi-scale target detection, and emphasize the detection tar-

get area in the image, while weakening the background area.

| SE/;M H SEAM ‘

’CothZd | |Con'v2d |

4 A
Bbox. Cls.
Loss Loss

Figure 8 Structure of the Detect_ SEAM module

Depthwise separable convolution is a channel-separated convolutional operation, capable of discerning the im-
portance of individual channels and reducing parameter volume. However, this approach tends to overlook the rela-
tionships between inter-channel information. To compensate for the loss of inter-channel information, the outputs
from different depthwise convolutions are combined through a 1 x 1 convolution, followed by the integration of
channel-wise information through two fully connected layers, thereby strengthening the connections between chan-
nels within the network. The SEAM, an advanced form of depthwise separable convolution with residual connec-
tions, is capable of learning the relationship between occluded and non-occluded targets as inferred from the preced-
ing stage, compensating for feature loss in occlusion scenarios. Subsequently, the output produced by the fully con-
nected layer is processed by an exponential function, extending the value range from [0, 1] to [1,e]. Such expo-

nential normalization provides a monotonic mapping, enabling the results to better avoid positional errors. Finally,
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the output of the SEAM module is multiplied by an attention mechanism with the original features, enabling the
model to more effectively process the feature information of occluded targets.
2.5 Improved YOLOVS-FCD Network Model

This study proposes an improved YOLOvVS-FCD network model for the target detection of grape inflorescences
and fruitlets in natural environments, based on YOLOv8n. The main improvements of this paper include: Introduc-
ing the C2f Faster module based on PConv to reduce the model’s parameter volume and computational volume. Uti-
lizing CARAFE as a fusion network up-sampling module to enhance feature extraction capabilities. Introducing
SEAM to redesign the detection head into the Detect SEAM detection module to further improve detection accu-
racy. And finally introducing transfer learning to improve the model’s fitting speed. The improved YOLOv8-FCD
network model further enhances the recognition accuracy of grape inflorescences and fruitlets in natural environ-
ments while maintaining lightweight and fast detection speed. The structure of the improved YOLOV8-FCD is

shown in Figure 9.

SEAM | Comv2d | Bbox.Loss |

Detect SEAM |

SEAM H Conv2d H Cls.Loss

C2f Faster

C2f Faster

T i

C2f Faster

Concat

Backbone

Figure 9 Structure of the improved YOLOVS-FCD network

2.6 Model Training

In this study, we use PyCharm to construct and improve the YOLOv8n network model. The hardware configu-
ration of the platform used for experiments and training is a 13th Gen Intel (R) Core(TM) i9-13900HX processor at
2.20 GHz, an Nvidia GeForce RTX 4060 graphics card with 8 GB of video memory, running on a Windows 11 sys-
tem, 64-bit, Python 3.9 version, PyTorch 1.12.0 version, and CUDA 11.3 version. The training parameters are
shown in Table 2.

Table 2 Training parameters

Training parameter Value
Initial learning rate 0.01
Optimizer SGD
Momentum 0.937
Weight decay 0.000 5
Batch size 16

Epochs 100
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3 Results and Analysis

3.1 Ablation Test

The results of the ablation study are shown in Table 3. It can be seen that after the introduction of the
C2f Faster module based on PConv to improve the detection model, the parameter volume and model size were re-
duced, and the model inference speed was increased. Replacing the up-sampling in the neck layer with CARAFE
up-sampling improved the model’s accuracy while reducing the parameter volume and computational load, making
the detection model pay more attention to global feature information, more suitable for the recognition of grape in-
florescences and fruitlets. After using the redesigned Detect SEAM detection module to improve the model, the
model’s accuracy and detection capabilities were further enhanced, strengthening the model’s occlusion-aware de-
tection effects. By introducing transfer learning into the model, the weight parameters of the model trained on
COCO128 data set can be transplanted into the new target learning model, which can improve the convergence

speed and detection performance of the model.

Table 3 The results of the ablation test

Test No. A B C D Pl% R/% mAP/%  Weight/MB FPS FLOPs/G  Parameters
1 x x x x 85.5 85.1 92.0 6.3 116.5 8.1 3006 038
2 x x x 89.5 81.8 91.2 5.5 129.8 7.0 2 644 838
3 x N x x 92.5 82.5 93.3 6.6 118.1 8.4 3146 142
4 x x N x 89.6 85.5 93.2 59 112.0 7.0 2817 878
5 N N x x 92.4 80.0 91.1 5.8 112.1 73 2784 942
6 N N N x 88.0 81.4 89.9 5.4 116.2 6.2 2596 782
7 N x x N 88.5 87.1 93.4 5.5 120.5 7.0 2 644 838
8 x N x N 90.4 87.7 94.3 6.6 111.0 8.4 3146 142
9 x x N J 90.3 88.4 94.0 5.9 121.9 7.0 2817878
10 N N N J 93.7 87.3 94.6 5.4 125.3 6.2 2596 782

Note: All tests use YOLOv8n as the baseline network. A represents the C2f Faster module, B represents the CARAFE module, C rep-

resents the Detect SEAM module, D represents transfer learning, x means not using this module, v means using this module

As shown in Table 3, Test 2, after replacing the original C2f module in the YOLOvV8n network with the
C2f Faster module, the model weight was reduced to 87.30% of the baseline network, and the P increased by
4.0%, while R and mAP value decreased. The reason is that only a portion of the channels perform convolution op-
erations. While reducing the model volume and computational redundancy, some features that the remaining chan-
nels may contain are lost, leading to a slight decrease in R and mAP value. In Test 3, after using CARAFE up-
sampling, the P increased by 7.0%, and the mAP value increased by 1.3%. However, the R decreased by 2.6%.
This indicated that CARAFE up-sampling could enhance the model’s recognition accuracy. In Test 4, after replac-
ing the model detection head with the redesigned Detect SEAM, the P and mAP value increased by 4.1% and
1.2%, respectively. And the model weight was reduced to 93.65% of the baseline network. This indicated that the
Detect SEAM detection module can effectively improve the model’s recognition accuracy and reduce the model
volume, enhancing the model’s detection capabilities under occluded scenes. In Test 5, after using C2f Faster and
CARAFE module, compared with Test 2, the P increased by 2.9%. The C2f Faster module reduces computational
redundancy through PConv, but inevitably sacrifices some channel information; CARAFE up-sampling relies on
global contextual information. When combined, the loss of early-stage feature information may leave CARAFE
with insufficient basis for feature reconstruction, particularly for grape clusters with complex backgrounds and
small targets. This can result in the non-recall of some positive samples, leading to decreased recall rates. In Test 6,
the model R increased by 1.4% on the basis of Test 5 by adding the Detect SEAM detection module, and the model
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weight and FLOPs value were reduced to 85.71% and 76.54% of the baseline network, respectively. Tests 7, §,
and 9 added C2f Faster, CARAFE, and Detect SEAM respectively on the basis of adding transfer learning,
among which the R increased by 5.3%, 5.2%, and 2.9%, respectively, compared with Tests 2, 3, and 4, and the
mAP value increased by 2.2%, 1.0%, and 0.8%, respectively. Combined with Test 10, which added transfer learn-
ing on the basis of Test 6, the P, R, and mAP value increased by 5.7%, 5.9%, and 4.7%, respectively. This indi-
cated that transfer learning could achieve optimal training performance, improving indicators such as R and mAP
without sacrificing the model’s performance, and thus enhancing its detection accuracy and generalization ability.
Compared with the baseline network, after improvement, the model weight was reduced to 85.71% of the baseline
network, the model P increased by 8.2%, the R increased by 2.2%, and the mAP increased by 2.6%.
3.2 Comparative Experiment of Detection Models

To explore the superiority of the improved algorithm in this study, a comparative experiment was conducted
between the improved YOLOVS-FCD model based on YOLOvS8n and other mainstream object detection network
models such as SSD, Faster R-CNN, and the YOLO series. We used the AP of 50% IoU for evaluating AP1 and
AP2. AP1 represents the AP value of grape inflorescences, and AP2 represents the AP value of grape fruitlets. The

results are shown in Table 4.

Table 4 Comparison of the performance of different detection models

Model AP1/% AP2/% mAP/% F1/% R/% P/% Weight/MB
SSD 64.5 80.2 72.4 69 55.0 84.1 91.1
Faster R-CNN 66.6 81.8 74.2 61 66.0 55.7 108.0
YOLOV3 425 72.7 57.6 39 27.2 924 235.0
YOLOvVS5s 89.9 90.3 89.9 81 71.7 914 27.1
YOLOX-nano 355 59.6 47.6 55 38.9 87.9 3.7
YOLOvV7-tiny 81.1 83.1 82.1 65 49.7 92.1 23.1
YOLOvVY9c 94.5 943 94.4 89 86.7 92.0 102.8
YOLOv10n 86.4 92.0 89.2 84 77.9 90.3 5.8
YOLOvV8-FCD 93.8 95.3 94.6 90 87.3 93.7 5.4

It can be seen from Table 4 that the YOLOV8-FCD model has a smaller model size compared to other models
and outperforms them in terms of P, R, and mAP. Specifically, the mAP of YOLOVS-FCD is 22.20%, 20.40%,
37.00%, 4.70%, 47.00%, 12.50%, 0.20%, and 5.40% higher than that of SSD, Faster R-CNN, YOLOv3, YO-
LOvVS5s, YOLOX-nano, YOLOvV7-tiny, YOLOV9c, and YOLOv10n, respectively. Concurrently, the model weight
is reduced by 94.07%, 95.00%, 97.70%, 80.07%, 76.62%, 94.75%, and 6.90% compared to SSD, Faster R-
CNN, YOLOv3, YOLOv5s, YOLOv7-tiny, YOLOv9c, and YOLOvI10n, respectively. The two-stage network
model, Faster R-CNN, exhibits a larger model size and lower recognition accuracy. The one-stage network mod-
els, such as SSD, YOLOv3, YOLOvVSs, YOLOv7-tiny, YOLOV9c, and YOLOv10n, have a smaller model size
and parameter volume than Faster R-CNN and achieve higher detection accuracy. The improved YOLOvVS-FCD
demonstrates superior performance in detecting grape inflorescences and fruitlets compared to other mainstream net-
works. The detection results are illustrated in Figure 10.
3.3 Model Feature Visualization

To more intuitively observe the improvement in the recognition capability of the improved model, Grad-
CAM " is used to generate heatmaps, which can visually demonstrate the learning situation of the network for dif-
ferent targets. Grad-CAM utilizes the backward propagation of training weights, spatially averages the gradient ma-

trix on a global scale, and after weighted activation of each channel of the feature layer, the heatmap is obtained.
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The brightness of a certain area in the heatmap can show which parts have a greater impact on the model output. For
the brightness depth of the specific heatmaps, we can see that the improved YOLOvVS-FCD model pays more atten-
tion to the target characteristics. The model has better sensitivity to both trunk and fruit characteristics of the target.

The heatmaps before and after the improvement of the detection model are shown in Figure 11.

huasui 0:87

2

hugsui 0.92

huasui 0.88.

(d) Grape fruitlets with partial occlusion

Figure 10 Detection effect diagram

3.4 Edge Device Deployment

In order to verify the actual detection effect and inference speed of the YOLOv8-FCD model, the model was
deployed on the edge device and tested. Model migration deployment device uses Nvidia Jetson Nano, A57 quad-
core ARM CPU, 128-core Maxwell GPU, running memory 4 GB, 64-bit LPDDR4. The software environment is
Ubuntu 18.04, and the operating environment is configured with Jetpack 4.5, Python 3.6, Pytorch 1.8, and Ten-
sorRT 8.0.1.6.

At the same time, in order to improve the detection speed of the model, TensorRT inference library is selected
for acceleration. TensorRT is a high-performance inference optimization framework from Nvidia that provides low-
latency and high-throughput deployment inference acceleration for models on Nvidia GPU. The YOLOvVS-FCD
model training weight file was converted into WTS intermediate file and imported into Jetson Nano for compilation

operation, and the model object was serialized to generate inference engine. Inference and post-processing opera-



No. 2 Hu Guoyu, et al: Lightweight Detection of Grape Inflorescences and Fruitlets using -+ 141

tions can be performed by deserializing the engine file. Table 5 lists the test results of device deployment.

2l

(a) Original images (b) YOLOV8 (c) YOLOV8-FCD
Figure 11 The heatmaps before and after the improvement of the detection model

Note: The three images in the first row correspond to grape inflorescences, and the three images in the second row correspond to grape

fruitlets
Table 5 Comparison of device deployment detection frame rates (FPS)
Model Desktop computers Embedded devices TensorRT
YOLOv8n 116.5 6.9 -
YOLOv8-FCD 125.3 8.1 45

YOLOvV8-FCD

YOLOv8n

Wide shot Close shot

Figure 12 Comparison of detection effects of YOLOv8-FCD and YOLOv8n

Note: The red box is the prediction box, the yellow box is the false detection target, and the blue box is the missed detection target

It can be seen from Table 5 that before TensorRT acceleration, the detection speed of the improved YOLOvVS-
FCD model is relatively low due to the limited computing power of the embedded device. After acceleration, the
model detection speed is increased by 5.56 times, the detection frame rate is 45 frames/s, and the detection speed is
21.26 ms. In order to further verify the detection performance of the YOLOv8-FCD model, the images of grape
flower heads in backlight, cloudy days and blocked fields that are difficult to detect were selected for testing. The
test results of YOLOv8-FCD and YOLOv8n models on Jetson Nano are shown in Figure 12.

According to Figure 12, in the wide shot, YOLOv8n missed 5 targets and YOLOv8-FCD missed 2 targets. In
the close shot, YOLOvV8n did not correctly detect 1 target, and YOLOvV8-FCD prediction results were correct. The
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detection ability of the improved model is better than that of the original model under both conditions.

4 Conclusion

1) In this study, a dataset of grape inflorescences and fruitlets under different lighting conditions was collected
for the identification of grape plant protection robots. Additionally, this paper proposes a lightweight grape inflores-
cences and fruitlets target detection algorithm YOLOvV8-FCD based on the improved YOLOv8n convolutional neu-
ral network.

2) The improved YOLOvS8-FCD network model achieves a detection precision of 93.7% and the mean average
precision of 94.6% for grape inflorescences and fruitlets, which are 8.2% and 2.6% higher than the original YO-
LOv8n model, respectively. The computational load is reduced to 6.2 G FLOPs, accounting for 76.5% of the origi-
nal model, and the model size is reduced by 14.29%.

3) This paper’s model further improves the detection accuracy of grape inflorescences and fruitlets while main-
taining lightweight and fast detection speed, providing a theoretical basis and technical support for the automation

of grape plant protection.
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