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Abstract

The traditional detection of blueberry maturity relies on human experience, which is inef-
ficient and highly subjective. Although deep learning methods have improved accuracy,
they require large models and complex computations, making real-time deployment on
resource-constrained edge devices difficult. To address these issues, a GLL-YOLO method
based on the YOLOVS8 network is proposed to deal with problems such as fruit occlu-
sion and complex backgrounds in mature blueberry detection. This approach utilizes
the GhostNetV2 network as the backbone. The LIMC module is suggested to substitute
the original C2f module. Meanwhile, a Lightweight Shared Convolution Detection Head
(LSCD) module is designed to build the GLL-YOLO model. This model can accurately
detect blueberries at three different maturity stages: unripe, semi-ripe, and ripe. It sig-
nificantly reduces the number of model parameters and floating-point operations while
maintaining high accuracy. Experimental results show that GLL-YOLO outperforms the
original YOLOv8 model in terms of accuracy, with mAP improvements of 4.29%, 1.67%,
and 1.39% for unripe, semi-ripe, and ripe blueberries, reaching 94.51%, 91.72%, and 93.32%,
respectively. Compared to the original model, GLL-YOLO improved the accuracy, recall
rate, and mAP by 2.3%, 5.9%, and 1%, respectively. Meanwhile, GLL-YOLO reduces pa-
rameters, FLOPs, and model size by 50%, 39%, and 46.7%, respectively, while maintaining
accuracy. This method has the advantages of a small model size, high accuracy, and good
detection performance, providing reliable support for intelligent blueberry harvesting.

Keywords: blueberry; deep learning; lightweight; maturity detection; edge devices

1. Introduction

Blueberry is an important agricultural economic crop that originated in North America
and parts of Asia. It is now widely cultivated, particularly in China. Studies indicate that
blueberries are rich in anthocyanins, vitamin C, polyphenols, and dietary fiber, which con-
tribute to antioxidation, promote cardiovascular health, enhance immunity, and effectively
prevent various chronic diseases [1]. During the planting period, the color of the blueberry
peel serves as a crucial indicator for assessing the maturity of the fruit. Throughout the
ripening process, the levels of endogenous hormones and soluble sugars in the fruit in-
crease; the decomposition rate of chlorophyll accelerates; its synthesis is hindered; and the
concentrations of chlorophyll and carotenoids decrease. Meanwhile, anthocyanins con-
tinue to accumulate, resulting in a color transition from initial green to red, and ultimately
to blue [2]. Blueberry fruits have a short harvest cycle, with multiple stages of ripeness
coexisting. Furthermore, blueberry products at different ripeness levels exhibit significant
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variations in taste and nutritional content. Therefore, accurate identification of ripeness
is essential. Currently, traditional manual detection methods are employed to assess the
ripeness of blueberries. However, this approach is not only time-consuming and inefficient
but also leads to considerable fruit waste during the actual picking process. Consequently,
there is an urgent need for an efficient method to detect the maturity of blueberry fruits.

In recent years, algorithms for detecting fruit maturity based on traditional im-
age processing techniques have exhibited a trend toward diversification. For instance,
Liu et al. developed a method for detecting partially red apples by utilizing color and shape
features and employing Histogram of Oriented Gradient (HOG) features in conjunction
with a linear Support Vector Machine (SVM) classifier to assess apple ripeness [3]. Wan et al.
introduced a tomato maturity detection approach that integrates color feature values with a
Back Propagation Neural Network (BPNN) classifier, achieving an accuracy rate of 99.31%
on tomato samples [4]. Ripardo et al. proposed a technique for melon maturity detection
based on the prediction of the Soluble Solids Content (SSC) from digital images, where a
Multilayer Perceptron (MLP) model combined with RGB features yielded the highest accu-
racy [5]. Additionally, Li et al. applied an integrated approach combining Non-Negative
Matrix Factorization (NMF) filtering and Root Mean Square (RMS) normalization alongside
an SVM learning model to classify watermelons at varying stages of maturity [6]. Despite
the effectiveness of these traditional fruit recognition algorithms under specific conditions,
they generally suffer from limitations such as limited environmental adaptability, high
computational complexity, and slow processing speeds. Moreover, their recognition ac-
curacy tends to decline significantly when confronted with complex backgrounds or fruit
occlusions, thereby hindering their applicability in dynamic real-world environments.

With the advancement of deep learning techniques, methods for detecting fruit
maturity in natural environments have been extensively investigated. For instance,
Huang et al. introduced a fuzzy Mask R-CNN model to automatically identify the ripeness
of cherry tomatoes. Their approach involved converting RGB images into the HSV color
space to extract color features from the tomato surface and subsequently detecting different
ripening stages by integrating fuzzy inference rules [7]. Similarly, Jing et al. developed
the Slim Neck paradigm, leveraging MobileNetv3 to efficiently assess the maturity of
melons, achieving promising results on a greenhouse dataset [8]. Momeny et al. employed
a fine-tuned ResNet-50 model to classify four types of citrus fruits according to maturity,
demonstrating accurate detection even in fruits exhibiting black spots [9]. Additionally,
Pisharody et al. proposed SegLoRA, a novel segmentation framework designed to precisely
estimate tomato maturity and predict yield [10]. Collectively, these studies underscore
the significant potential of deep learning approaches for fruit maturity detection in natu-
ral settings and offer valuable insights for advancing maturity assessment techniques in
blueberry fruits.

Previous research has extensively investigated blueberry fruit analysis. For instance,
Tan et al. introduced a computer vision approach for recognizing blueberries at various
ripening stages using color images. This technique integrates Histogram of Oriented Gradi-
ent (HOG) features with color information to differentiate ripeness levels; the average accu-
racy for immature, medium, and mature fruits is 86.0%, 94.2% and 96.0, respectively [11].
To address the complex environmental challenges of dense aggregation and occlusion
of blueberries in natural environments, Yang et al. developed a lightweight recognition
model based on the enhanced YOLOVS5 architecture [12]. To tackle issues arising from the
small size and dense distribution of blueberries during detection, Gai et al. proposed the
TL-YOLOVS algorithm, which leverages transfer learning to improve the model’s general-
ization capabilities and training efficiency [13]. Additionally, MacEachern et al. constructed
six deep learning convolutional neural network (CNN) models aimed at determining the
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maturity stages of wild blueberries and estimating yield [14]. The above research provides
a powerful and effective crop recognition model for blueberry fruit detection, which is
an important technical foundation of this paper. However, it still faces triple challenges
when facing practical deployment. High-precision models are often accompanied by
huge computing and storage overheads, and it is difficult to meet the stringent resource
constraints of embedded platforms. In addition, the effectiveness of many methods is
easily influenced by the complex field environment (such as changes in illumination, occlu-
sion, and background interference), and the generalization ability and robustness need to
be improved.

Despite advancements in blueberry fruit detection research, challenges persist in
balancing model complexity with detection accuracy, particularly regarding small target
identification and occlusion resilience. Blueberries are characteristically small and densely
clustered, and their detection is complicated by factors such as complex backgrounds,
variable lighting conditions, and fruit occlusion in natural settings. These factors pose sig-
nificant obstacles to the precision and robustness of deep learning-based models. Although
prior studies have addressed some issues by enhancing the YOLO architecture, employing
transfer learning, and utilizing convolutional neural networks, these approaches often
entail substantial computational demands and exhibit limited adaptability to complex
real-world environments. Consequently, this study seeks to develop a lightweight yet
highly accurate method for blueberry fruit detection and ripeness recognition, specifically
designed to address challenges including dense small target distribution and intricate
background interference. The proposed approach aims to facilitate precise maturity as-
sessments, enabling efficient harvesting and real-time monitoring, thereby contributing to
improved operational efficiency, quality assurance, loss reduction, and the sustainable and
intelligent advancement of the blueberry industry.

2. Materials and Methods
2.1. Image Data Acquisition

In this study, blueberry sample data were collected intermittently over a 30-day period
from June to July 2024 at the Small Berry Genetic Breeding Center of Jilin Agricultural
University, located in the Nanguan District of Changchun City, Jilin Province, China. The
blueberry variety selected in this study was “Ruizhu”, which belongs to the very early
ripening type, and the fruit ripened in late June under open cultivation conditions. Its shape
is compact, the fruit is large, and it is dark blue when ripe. The average weight of each fruit
is 2.09 g, and the maximum weight is 2.37 g. The taste is sweet and sour, and the flavor is
excellent, as a new variety of blueberries. To enhance the dataset’s robustness, blueberry
samples were obtained at various sites during different times of the day, including the
morning, afternoon, evening, and other routine operational periods. The study site is
characterized by a typical temperate continental sub-humid monsoon climate, featuring four
distinct seasons, including a mild climate, abundant rainfall, and ample sunshine, thereby
providing favorable conditions for blueberry cultivation. Images were captured using a
built-in high-resolution digital camera of an iPhone 12 Pro Max (Apple Inc., Cupertino, CA,
USA), with an exposure time of 1/26 s and a focal length of 26 mm. Ultimately, a total of
2584 blueberry fruit images, each with a resolution of 3024 x 3024 pixels, were acquired at
a shooting distance ranging from 20 to 60 cm. In this paper, the blueberry fruits depicted
in the collected images are categorized into three maturity stages: immature, medium,
and ripe. Figure 1 illustrates the maturity levels, where Figure 1a corresponds to unripe
blueberries, Figure 1b corresponds to semi-ripe blueberries, and Figure 1c corresponds to
fully ripe blueberries.
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(a) Blueberry—unripe (b) Blueberry—halfripe (c) Blueberry

Figure 1. Data samples of blueberries at various stages of ripeness. Figure (a) represents images of
unripe blueberries; Figure (b) represents images of semi-ripe blueberries; and Figure (c) represents
images of ripe blueberries.

2.2. Image Annotation and Dataset Construction

To construct the dataset, Labelimg software (Version: 1.8.6) was used for manual
annotation, where a single person annotated the fruit’s position and its maturity in each
image according to a unified standard. Blueberry fruits were classified into one of three
categories: ripe, semi-ripe, or unripe. The 2584 labeled blueberry images were divided into
a training set, test set, and validation set according to the ratio of 7:2:1. After annotation,
each blueberry fruit image obtained an Extensible Markup Language (XML) file containing
its category and coordinate information.

The blueberry fruit dataset was divided into a training set, test set, and validation set,
and the data distribution is shown in Table 1. The training set contains 1809 blueberry fruit
images, which include 21,164 target blueberry fruits. Of these fruits, 7334 were immature
blueberries, 5182 were semi-ripe blueberries, and 8648 were immature blueberries. The
validation set contained 516 blueberry fruit images, including 6218 target blueberry fruits.
In these images, there were 2310 unripe blueberry fruits, 1695 semi-ripe blueberry fruits,
and 2213 ripe blueberry fruits. In the validation set, 259 blueberry fruit images were
included. Among them, there were 1119 unripe blueberries, 687 semi-ripe blueberries, and
1049 ripe blueberries.

Table 1. Data distribution.

Number of Blueberry Number of Target Blueberry Fruits

Datasets

Fruit Images Total Types Number

Blueberry—unripe 7334

training 1809 21164 Blueberry—halfripe 5182
Blueberry 8648
Blueberry—unripe 2310

test 516 6218 Blueberry—halfripe 1695
Blueberry 2213
Blueberry—unripe 1119

val 259 2855 Blueberry—halfripe 687
Blueberry 1049

In order to improve the generalization and robustness of the model and prevent
overfitting in the training process, the dataset was expanded using data enhancement
techniques such as the random enhancement of image brightness, random rotation, and
random inversion for the labeled blueberry fruits in the training set. The 1809 blueberry
images in the training set were expanded to 5427 images by data augmentation. Randomly
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increasing the brightness of the image allowed the model to adapt to different lighting
conditions and increase its sensitivity to color. Random flip transformed the original
blueberry fruit image randomly along the horizontal and vertical directions to expand
the diversity of occluded samples from different angles of blueberry fruits. The sample
image after data enhancement is shown in Figure 2, where Figure 2a is the original image
obtained by direct shooting; Figure 2b is the random brightness-enhanced image; Figure 2c
is the effect image after adding random flipping; and Figure 2d is the effect image after
adding random rotation. Image enhancement not only improves the detection ability of the
model for different angles and different lighting conditions of the fruit, but also enhances
its robustness to fruit occlusion, thereby improving the accuracy and stability of detec-
tion. These augmented images will help the model achieve more accurately and reliably
in practice.

{c) Randora flipprg {d) Random rotation

Figure 2. Data-enhanced images. (a) is the original image obtained by direct shooting; (b) is the
random brightness-enhanced image; (c) is the effect image after adding random flipping; and (d) is
the effect image after adding random rotation.

3. GLL-YOLO Network Model
3.1. Improved GLL-YOLO

YOLOV8 [15] is one of the object detection models launched by the YOLO series, which
includes YOLOv8n, YOLOvV8s, YOLOv8m, YOLOVSL, and YOLOv8x5 versions. Although
the recognition accuracy is slightly lower, YOLOv8n has the lightest model architecture and
fastest detection speed, which is suitable for practical deployment. Therefore, in this study,
YOLOvV8n was selected as the basic model for the blueberry fruit maturity recognition
task. However, for the actual detection of blueberry fruit maturity, YOLOv8n produced
incorrect detections and also missed detections for overlapping blueberry fruits and leaf
occlusion. The size of the model is still too large for the actual production environment,
and it is difficult to directly apply it to orchards against complex environmental back-
grounds. In order to solve these problems, the original YOLOv8n model was improved,
and the GLL-YOLO model was proposed for the detection of blueberry fruit maturity in
the actual environment. Figure 3 shows the framework diagram of the overall network
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model of GLL-YOLO. To make the model lightweight, this study used the GhostNetv2
module to replace the YOLOvVS8 backbone network. Specific details of the GhostNetv2
network module are presented in Section 3.2. In addition, to enable the model to simul-
taneously maintain accuracy and reduce complexity, the LIMC convolution module is
proposed. The specific details of LIMC will be introduced in Section 3.3. This study also
proposes the LSCD (Lightweight Shared Convolutional Detection Head) detection head to
improve the utilization of parameters, and the specific principle of LSCD will be introduced
in Section 3.4.

'”lmﬁﬁl
-m-;“f'
jﬁ@

J

—

Figure 3. Framework of the GLL-YOLO overall network model.
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3.2. GhostNetv2 Network Module

When deploying models on edge devices, both the performance and the efficiency of
the model, especially the actual inference speed, should be considered. However, when
the original YOLOVS uses large-sized convolution kernels to process images, the com-
putational cost is high. To this end, the GhostNetv2 network module is used to replace
the YOLOv8 backbone network and achieve the purpose of reducing the calculation cost.
The GhostNetv2 network [16] is a lightweight convolutional neural network designed
for applications in mobile devices with faster inference speeds. GhostNetv2 proposes an
improved architecture for mobile applications and its core component: the DFC atten-
tion mechanism. The DFC attention mechanism is mainly based on the fully connected
layer (FC), which can be efficiently executed on general hardware. At the same time, it
can capture the long-distance dependencies between pixels at different spatial locations,
thereby significantly enhancing the expressiveness of the model. For a given feature tensor
z € RH*WxC (height H; width W; number of channels C), the Ghost module of GhostNetv2
can efficiently use standard convolution by sharing part of its transformation weights, and
avoiding tensor remodeling and transpose operations that affect the actual inference speed.
The direct implementation of the DFC attention mechanism is shown in Equation (1). In
addition to processing input images with different resolutions and maintaining efficiency,
DEC uses the general form shown in Equations (2) and (3) to aggregate pixel information
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along horizontal and vertical directions, respectively. In practice, this can be achieved
efficiently by successively applying two decoupled deep convolutions with kernel sizes
of 1 x Ky and K x 1, respectively. Theoretically, the computational complexity of DFC
attention is O(Ky HW + Ky HW).

Apyw = Z Fhw,h’w’ © Zprw, 1)
n,w
H
Ay = Z F/fh/WQZh/w/h =12,....,Hw=12,... W )
=1
W
A = Zthw,Qazw/,h:LZ,...,H,w:1/2,.__,w (3)
w'=1

Figure 4 shows the overall structure of GhostNetv2 when integrated with DFC at-
tention. Firstly, the DFC attention branch processes the input features in parallel with
the first Ghost module. Second, the attention map generated by the DFC branch is used
to augment (e.g., via dot multiplication) the output features of the first Ghost module.
Finally, these enhanced features are fed into the second Ghost module to produce the final
output features.
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Figure 4. Network structure diagram of GhostNetv2.

This study integrates six groups of GhostNetv2 modules with Depthwise Separable
Convolution (DWConv) and incorporates the DFC attention mechanism to augment the
model’s feature extraction capabilities for blueberry fruits in complex environments. The
DFC module enhances detection accuracy by efficiently aggregating pixel information
along both horizontal and vertical axes. Table 2 presents the effects of using the GhostNetv2
architecture with DFC attention enabled and DFC attention disabled. Compared with
the original YOLOvV8 model, the proposed GhostNetv2 backbone network has achieved
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significant improvements in reducing the number of model parameters and computational
complexity. The number of parameters and model size of the GhostNetv2 framework
model have decreased significantly. By introducing DFC attention, the accuracy, recall
rate, and precision of the improved model can be improved while slightly increasing the
model size.

Table 2. GhostNetv2 model effect.

Model Predict (%) Recall (%) mAP (%) Parameter (M) GFLOPs (G)
YOLOv8 84.6 82.8 90.9 3.00 8.2
+GhostNetv2 85.8 84.2 91.3 2.18 6.0
+GhostNetv2 + DFC  86.9 88.7 91.9 2.20 6.2

3.3. The LIMC Module

In computer vision tasks, the size of the target object varies greatly. The traditional
model has a good detection effect on large individuals. However, due to the small target
and complex background of blueberry fruit, the traditional algorithm is not effective in
detection. Therefore, the ability of the model to perform small object individual detection is
the key issue to be addressed in this paper. In this study, we improved the deep convolution
model to further advance the feature extraction ability. In addition, the LIMC module
was innovated and developed to be applied to the individual detection of blueberry fruits
to achieve fast and accurate detection of blueberry fruits. The LIMC module utilizes the
principle of grouped convolution and uses convolution kernels of different sizes to process
in parallel while capturing feature information of different scales. Figure 5 shows the LIMC
module structure diagram. Firstly, the input information is divided into two channels, and
part of the data information is input directly through the ordinary convolution layer, and,
at the same time, through the EMSConv convolution block. Finally,a 1 x 1 convolution is
used to fuse the features of three different scales. A new EMSConv convolution block is
proposed in the LIMC module. The EMSConv convolutional block is composed of three
channels, and the extracted feature data are divided into three parts, occupying 50%, 25%
and 25% of the original channels, respectively. In the model, a convolution operation
involving multiple convolution kernels of different sizes is used to capture features of
different scales. In practical work, 1/2 of the original data is output directly, and then
two groups of 1/4 channels are used with 3 x 3 and 5 x 5 convolution kernels to obtain
blueberry feature information at different scales. Finally, a 1 x 1 convolution is used to
fuse the features of three different scales. Using the above methods, multi-scale features
can be effectively extracted, which helps improve the generalization ability and detection
performance of the model.

In terms of model design, the proposed network module uses 50% of the original
channel to feed back through the 1 x 1 convolution in LIMC; at the same time, 25% of the
channel number is processed by the 3 x 3 convolution, and the other 25% is processed
by the 5 x 5 convolution. Finally, the three outputs are concatenated. This design allows
the network model to maintain the same number of output channels as the C2f module in
the original YOLOv8 model. At the same time, the multi-scale feature extraction ability is
introduced to effectively capture the feature information of different scales in blueberry
images through convolution kernels of different sizes. When the network model calculates
the number of parameters and the type of convolution operation, it needs to consider the
kernel width, kernel height, the number of input channels, and the width and height of the
output feature map for each output feature map. This can be expressed as the kernel_width
(Kw), kernel_height (Kj), input_channels (C;), output_channels (C,), output_width (W), and
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output_height (H), as shown in Equation (4). When the input is a standard square feature
map, the number of parameters is reduced to the kernel size and the number of channels,
as shown in Equation (5).

params = C, X (kg X kj x C;+1)

4
FLOPs = [(C; x ky x kp) + (Ci X kyy x kjy —1) +1] x Co x W x H @)
params = Cy X (kszi+1>FLOPs:2><Cl-><k2><C0><W><H )
Input
¢ Input
Spl | |
: N7 WM
EMSConv
Concat 4
4 A 4
0.5 channels 0.25 channels 0.25 channels
(a) LIMC (b) EMSCOnV

Figure 5. Figure (a) represents the overall LIMC module diagram, and Figure (b) represents the
EMSConv convolution module diagram.

For the assessment of blueberry maturity, single-scale convolutional kernels are limited
to capturing local features of small targets, such as edges and textures, but they struggle to
discern the relationships between these small targets and their surrounding environment
or contextual information. Conversely, larger convolutional kernels offer an expanded
receptive field, enabling the capture of the environmental context around small targets. To
enhance the model’s adaptability on embedded devices or UAV platforms with constrained
computational resources, this study replaced the 3 x 3 convolutional block within the C2f
module of YOLOvVS8 with the multi-scale convolutional approach of the LIMC module.
LIMC is added after the Concat layer, and the input and output channels are kept consistent
with the original YOLOVS. Table 3 shows the effect of the demonstration on the model
using the original C2f module of YOLOvS8 and the LIMC module proposed in this paper. In
terms of model size, the parameter of YOLOvS (LIMC) is 2193177, which is 27% less than
the 3,011,433 size of the original YOLOvS using C2f. On GFLOPs (G), the model uses LIMC
to reach 6.2 G, which reduces the computational complexity by 24% compared with the
original 8.2 G.

Table 3. LIMC and C2f model data.

Model Predict (%) Recall (%) mAP (%) Parameters GFLOPs (G)
YOLOVS (C2f) 84.6 82.8 90.9 3011433 8.2
YOLOvVS (LIMC) 86.5 82.6 91.3 2193177 6.2

3.4. LSCD Module

In actual blueberry fruit maturity detection, the module faces the challenge of accuracy
degradation caused by leaf and fruit occlusion. In addition, each detection head (P3,
P4, P5) in YOLOVS processes the input feature map independently, lacking information
interaction, which can lead to information loss and affect the detection effect. To address
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these challenges, this paper proposes a Lightweight Shared Convolutional Detection Head
(LSCD). Figure 6 shows the schematic diagram of the LSCD structure. Firstly, the original
P3, P4 and P5 layer outputs of YOLOVS are uniformly input into a 1 x 1 Conv-GN module
(convolution + group normalization) for channel adjustment and preliminary feature fusion.
Then, a 3 x 3 Conv-GN module is used to extract shared features. Subsequently, the shared
features are fed into three sets of parallel branches, each containing Conv-Reg (regression
convolution) and Conv-Cls (classification convolution) modules, which are output to the
corresponding scale layer for object box prediction and classification, respectively.

——

Conv-Reg Scale
3 F Conv-Cls
Conv-G
1x1
A A,
’ i Conv-Reg Scale
Pd 5 '—» '-' ';»
Conv-G ' Conv-Cls
1x1 Conv-GN Conv-GN
o L
ps 7 Conv-Reg Scale
Conv-GN
1x1
Conv-Cls

Lightweight Shared Convolutional Detection Head

Figure 6. LSCD module.

Group normalization (GN) is used in the LSCD module to enhance the performance
of detection head positioning and classification [17]. GN [18] was proposed by He Kaiming
in 2018, aiming to address the issue of Batch Normalization (BN)’s dependence on batch
size. GN divides the channels of a sample into multiple groups and normalizes each group.
By using shared convolution, the number of parameters can be significantly reduced.

The LSCD module can determine the feature points corresponding to each Ground
Truth Box through the Conv-Reg and Conv-Cls sections in Figure 6. After obtaining these
feature points, the predicted box corresponding to the position of the feature point can
be extracted. The IOU’s loss calculated using the real box and the prediction box can be
used as an important part of the loss of the Conv-Reg (regression) part and the Conv-Cls
(classification) part, respectively. It effectively improves the accuracy of the model by
judging the object categories in the prediction frame, so that the model can still better
identify and locate individual blueberry fruits in the face of the common problem of
leaf occlusion and fruit occlusion in blueberry detection. At the same time, in order to
solve the problem caused by the inconsistency of the detection target scale of multiple
shared convolutional heads, the scale layer (scale layer) is introduced after Conv-Reg
(the convolutional layer for regression). This layer regards the scaling function as a layer
connected to the neural network input and scales the feature data with different scales
passed from the upper layer through mathematical calculations, and finally unifies the
target scale of these feature data. Aiming to solve the serious leaf and fruit occlusion
problem in the blueberry scene, LSCD can significantly improve the model’s ability to
identify and locate individual fruits under complex occlusion conditions through its shared
feature extraction layer (Conv-GN) and enhanced loss mechanism based on IoU and cross-
entropy. At the same time, LSCD can overcome the problem of information fragmentation
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and potential missed detections caused by the original detection head of YOLOvVS by
independently processing the feature map, and its shared convolutional structure forces
the P3, P4, and P5 hierarchical information to be fused at the front end of the detection
head, which can improve the feature utilization efficiency. In addition, the Conv-Scale
layer integrated by LSCD is designed to deal with the problem of different detection
level (P3/P4/P5) target scales and ensures that the model can maintain robust detection
performance for blueberry fruits of all sizes through feature scaling.

4. Experimental and Results Analysis
4.1. Test Equipment

To ensure the fairness of the experiments for detecting the ripeness of blueberry fruits,
all experiments involved in this study were performed using the same equipment. As
shown in Table 4, the specific hardware configuration and software environment of the
device are given. In the model parameters setting, the initial learning rate is set to 0.01;
the batch size is set to 24; the learning rounds are set to 200; the momentum is set to
0.937; and the weight decay rate is set to 0.0005. Table 5 shows the experimental results
using the SGD and AdamW optimizers in the same experimental environment. Under the
same experimental environment, different optimizers are basically consistent in terms of
model accuracy, precision, recall rate, etc. However, it should be considered that when the
number of images processed by the model exceeds 2000, the number of iterations exceeds
10,000. More iterations cause AdamW to consume more memory. Considering that the core
objective of this study is to design a lightweight model suitable for edge device deployment,
we ultimately chose SGD as the optimizer for all experiments, and subsequent experiments
were also based on the SGD optimizer.

Table 4. Test equipment.

Environment Configuration Parameter
Operating system Windows11
CPU Intel(R) Core(TM) i5-12600KF
GPU NVIDIA GeForce RTX 4070 super
Development environment PyCharm 2023.2.5
Language Python 3.9.6
Framework PyTorch 2.0.1
Operating platform CUDA 12.1

Table 5. Comparison of AadmW and SGD data.

Predict (%) Recall (%) mAP (%)
AdamW 849 + 0.7 82.7+1.0 90.8 = 0.7
SGD 84.6 £ 0.6 82.8 +0.8 909 +0.5

4.2. Main Comparison Parameter Quantity

In the model training effect evaluation, a multi-dimensional performance evaluation
system was constructed through three core indicators: precision (P), recall (R), and mean
average precision (mAP). The precision, P, reflects the proportion of positive samples
correctly predicted by the model in all the predicted positive samples, which is often used
in scenarios that emphasize a reduction in the risk of misjudgment. The recall, R, focuses
on measuring the comprehensiveness of the model to capture true positive samples, and
is calculated as the proportion of correctly predicted positive samples in all the actual
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positive samples. Average precision (AP) is the proportion of the area enclosed by the
model’s P-R curve and the coordinate axis, and the default Intersection over Union (IoU),
which is 0.5, expresses the average precision of the model. The mean average precision
(mAP) is the average of APs across multiple classes, and mAP50 means that the calculated
IoU is 0.5, which measures the average performance of the model using different classes.
The calculation formula of accuracy precision is shown in Equation (6). The formula for
calculating the recall rate, R, is shown in Equation (7). The calculation formula of average
precision, AP, is shown in Equation (8). The formula for calculating the average accuracy
rate, mAP, of the whole class is shown in Equation (9).

TP
V=T (6)
TP
R= TP + FN @
1
AP = / P(r)dr (8)
0
N Ap.
mAP = % ©)

Among them, TP is the number of true positives for blueberry fruit ripeness correctly
identified by the model; FN is the number of positive samples predicted as negative by the
model; and FP represents the number of negative blueberry fruits incorrectly identified as
positive. M denotes the total number of maturity levels, and N denotes the total number of
images in the test set.

4.3. Test Results
4.3.1. Analysis of Blueberry Fruit Ripeness Detection Results

In order to meet the lightweight design and improve the detection accuracy, this
study evaluates the performance of the GLL-YOLO model for the detection of blueberry
maturity and compares the improved GLL-YOLO model with the YOLOv8 model. The
detection results are shown in Table 6. The experimental results show that compared
with YOLOv8, GLL-YOLO improves the accuracy, recall, and mAP by 2.3%, 5.9%, and 1%,
respectively. Compared with the original YOLOVS, the parameters, FLOPs, and model
size of GLL-YOLO are significantly reduced while maintaining the accuracy effect, and
the parameters, FLOPs, and model size are reduced by 50%, 39%, and 46.7%, respectively.
Table 7 shows the maturity detection performance index values of GLL-YOLO and YOLOvVS
for each maturity level. It can be seen from the results that the mAP of immature, semi-ripe,
and ripe blueberry fruits detected by GLL-YOLO reaches 94.51%, 91.72%, and 93.32%,
respectively, which is 4.29%, 1.67%, and 1.39% higher than that of YOLOVS, respectively. At
this time, Figure 7 shows the PR plots for YOLOVS8 and GLL-YOLO as well as the PR curve
comparison of the improved GLL-YOLO model and the YOLOv8 model. On the whole, the
area ratio of our proposed model on the PR curve is larger than that of the original model,
which has better attention for TP samples, and our proposed model has a better effect
on mAP.

Table 6. Comparison results with the original model.

Predict (%) Recall (%) mAP (%) Parameter (M) FLOPs (G) Size (MB)
YOLOvVS8 84.6 = 0.6 82.8 +0.8 909 + 0.5 3.0 8.2 6.2
GLL-YOLO 86.9 +£0.3 88.7 +£ 0.7 919+ 0.6 15 5.0 3.3
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Table 7. Detection results of three maturity levels.

del Blueberry-Unripe Blueberry-Halfripe Blueberry
Mode
Predict (%)  Recall (%) mAP (%) Predict (%)  Recall (%) mAP (%) Predict (%)  Recall (%) mAP (%)
YOLOVS8 8490+05 8289+07 8302+05 8349+03 81.51+£05 9034+17 851+04 8399+07 9434403
GLL-YOLO 8723+03 8923+£06 89.03+06 8501+03 8701+£06 9131+13 8501+06 89.86+£06 9537+04

Precision

Precision-Recall Curve Precision-Recall Curve

0.8

°

.6

°
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02
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—— blueberry-unripe 0.890
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3l classes 0.920 MAP@0.5
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Figure 7. PR plots for YOLOVS8 and GLL-YOLO.

4.3.2. Visual Evaluation of the Improved Model GLL-YOLO by Grad-CAM

In order to intuitively show the detection performance of the GLL-YOLO model for
blueberry fruit maturity in a natural orchard environment, the Gradient-Weighted Class
Activation Mapping (Grad-CAM) method was used to verify the performance. The heat
map visualization results of the YOLOv8 model and the GLL-YOLO model generated by
Grad-CAM are shown in Figure 8. All blueberry fruit images in Figure 8 are from the
test set of the blueberry fruit ripeness detection dataset, and the ripeness levels decrease
from left to right. Blue and cyan colors in the heat map indicate that the region has low
attention compared to the maturity detection results, while red and orange colors in the
heat map indicate that there are more contributions to the maturity detection results within
the region.

Original
image

Original
model heat
map

Improved
model heat
maps

Figure 8. Visualization results of YOLOv8 and GLL-YOLO heat maps. The heat maps illustrate the
model’s attention, where warmer colors (red/yellow) indicate higher focus. (a) A scenario with dense
fruit clusters where the original model’s attention is scattered onto leaves, while the improved model
accurately focuses on each fruit. (b) A case of overlapping fruits where the improved model maintains
precise focus. (c) A scenario with partial leaf occlusion, where the improved model successfully
suppresses background interference. (d) A challenging scenario with small, unripe green fruits,
where the original model shows weak attention, but the improved model demonstrates significantly
enhanced sensitivity and accurate localization.
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As shown in Figure 8a,b, YOLOvS8 was used to detect blueberry fruit maturity in a
natural orchard environment. Under the interference of a complex orchard background,
YOLOVS paid less attention to blueberry fruits. However, the attention of the GLL-YOLO
model to the blueberry fruit region was significantly enhanced, while the irrelevant back-
ground could be suppressed. Through these visualization results, it was initially confirmed
that the proposed method is effective at enhancing attention to the blueberry fruit and
reducing background interference. In addition, as shown in Figure 8c,d, the original
YOLOv8 model has poor detection performance for dense fruits and occluded leaves when
detecting blueberry fruit maturity, which is also the main reason for fruit omission and
wrong detection. From the heat map of GLL-YOLO, it can be seen that this problem is
adequately solved, allowing the model to exhibit high detection accuracy for small fruits.
The above results indicate that the proposed GLL-YOLO is suitable for detecting blueberry
fruit maturity in natural orchard environments.

4.3.3. Ablation Experiment

To further prove the advantages of the GLL-YOLO model, ablation experiments were
carried out on the GLL-YOLO model. GLL-YOLO uses a lightweight network model
(GhostNetV2) to replace the original backbone network and adopts the LSCD small object
detection head and LIMC module proposed in this paper. In addition, to ensure the
correctness of the ablation experiments, they are carried out under the same environment
and use the same hyperparameters. The ablation experiment results of the GLL-YOLO
model are shown in Table 8. Note that “,/” represents enabled modules.

Table 8. Model ablation tests.

Base Model LIMC LSCD GhostNetV2 Predict (%) Recall (%) mAP (%) Parameter (M) GFLOPs (G)
84.6 82.8 90.9 3.00 8.2
v 86.5 82.6 91.3 2.19 6.2
Vv 87.0 87.1 92.6 2.30 6.5
v 86.9 88.7 91.9 2.20 6.2
YOLOVS N J 85.0 88.9 92.2 1.66 53
Vv Vv 86.0 86.1 92.2 2.21 6.3
v Vv 82.3 85.6 91.2 2.16 6.0
Vv v Vv 86.9 88.7 91.9 1.50 5.0

As can be seen from the results in Table 5, the LIMC module, the LSCD module, and
the GhostNetV2 backbone network used in this study all provide positive feedback on the
performance of YOLOVS on specific tasks. Among them, after introducing the LIMC module
into the YOLOvVS8 backbone network, the accuracy (predict), recall (recall), and mAP are
increased by 1.9%, —0.2% (with a slight decrease), and 0.4%, respectively. The average
parameter number and GFLOPs are reduced to 2.19 M and 6.2 G, respectively, and the model
is lighter. Compared with YOLOVS, the precision of YOLOvS + LSCD is increased by 2.4; the
recall rate is significantly increased by 4.3%; the mAP is increased by 1.7%; and the parameter
number and GFLOPs are also reduced to 2.30 M and 6.5 G. In addition, compared with
YOLOVS, using only the GhostNetV2 backbone network significantly improves the recall rate
(+5.9%); the precision rate increases by 2.3%; and the mAP increases by 1%. At the same time,
the number of parameters (—0.8 M) and GFLOPs (—2.0 G) are greatly reduced, which are
27.7% and 24.4% lower than the original model, respectively.

For YOLOvVS8 + LSCD + GhostNetv2, we combined the LSCD module and GhostNetv2
module backbone network into YOLOvVS, and the precision, recall, and mAP reached 85%,
88.9% and 92.2%, respectively. Although the accuracy decreased, the parameter number and
GFLOPs of YOLOVS8 + LSCD + GhostNetv2 were lower than those of the YOLOvS + LSCD
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combination. Combined with the LIMC module, LSCD module, and GhostNetv2 backbone
network, the YOLOvVS + LIMC + LSCD + Ghos-tNetv2 model is constructed. Compared with
YOLOVS, the accuracy, recall rate, and mAP increased by 2.3%, 5.9% and 1.0%, respectively.
Adequate results were obtained from all the experiments of blueberry fruit maturity detection.
Meanwhile, the number of parameters and GFLOPs of YOLOvS8 + LIMC+ Ghost Netv2
were only 1.66 M and 5.0 G. Compared with the original model, the number of parameters
reduced by about 44.7%, and the computational efficiency improved by about 39.0%. The
ablation experiment results verified the effectiveness of the LIMC module, LSCD module, and
GhostNetv2 module of the GLL-YOLO model.

4.3.4. Experimental Comparison of Mainstream Standard Object Detection Models

To further evaluate the performance of GLL-YOLO, this paper compared GLL-YOLO
with mainstream standard object detection models based on the same dataset, includ-
ing YOLOv3, Faster R-CNN (VGG16), YOLOv5, YOLOv6n, YOLOv8n, YOLOVY, and
YOLOV10 [19-25]. The statistical results of the blueberry fruits’ ripeness detection perfor-
mance of different mainstream standard object detection models and the GLL-YOLO model
are shown in Table 9.

Table 9. Comparative experiments of mainstream object detection models.

Model Predict (%) Recall (%) mAP (%) Params (M) GFLOPs (G)
YOLOvV3 82.1 86.9 91.5 103.66 282.2
Faster-RCNN 85.3 87.2 92.0 136.15 521.6
YOLOv5 84.9 87.4 92.7 9.11 23.8
YOLOvén 84.0 86.6 90.8 4.23 11.8
YOLOv8n 84.6 82.8 90.9 3.00 8.2
YOLOV9 84.0 88.1 91.9 7.16 26.7
YOLOv10 78.4 74.2 81.9 2.26 6.5
GLL-YOLO 86.9 88.7 91.9 1.50 5.0

From the data in Table 9, we found that GLL-YOLO has better performance in detecting
blueberry fruit maturity. Compared with other mainstream detection models, GLL-YOLO
has higher advantages for accuracy, recall rate, and mAP. Compared with the two-stage
object detection Faster-RCNN model, the number of parameters, FLOPs, and model size
of GLL-YOLO were significantly reduced. The accuracy of GLL-YOLO was 4.8%, 2.0%,
and 2.3% higher than that of YOLOv3, YOLOV5, and YOLOv8n object detection models,
respectively. In terms of model size, GLL-YOLO outperformed YOLOv3, YOLOV5, and
YOLOvVS8n with only 1.5 MB.

Figure 9 shows the radar chart analysis results based on the data in Table 9, which
compares the GLL-YOLO model with several current mainstream standard target detection
models in a multi-dimensional, intuitive, and comprehensive way. Each axis of the radar
chart represents a key evaluation index. Including precision (P), recall (R), mean average
precision (mAP), model size parameters, and model calculation GFLOPs, GLL-YOLO
occupies the leading position in the radar chart. It forms a fuller and more prominent
polygonal area than other mainstream standard object detection models. Based on the above
results and analysis, it can be seen that the proposed GLL-YOLO model has significant
advantages in accuracy, model size, and efficiency compared with the mainstream standard
object detection models in the blueberry fruit maturity detection task.



Agriculture 2025, 15, 1877

16 of 21

Predict (%)

—m— YOLOv3

—8— Faster R-CNN
YOLOvD

—w— YOLOv6n

—&— YOLOv8n
YOLOv9
YOLOvVIO

—8— OQurs

220 Recall (%)

GFLOPs

0
Param (s) MAP

Figure 9. Comparison of different models.

4.3.5. Comparison Experiments of Mainstream Lightweight Object Detection Models

In addition to the mainstream standard object detection models, this paper also
compares GLL-YOLO with mainstream lightweight object detection models, including
starnet_50, EfficientViT_MO0, mobilenetv4, fasternet, timm, and HGNetV2 [26-30]. The
statistical results of the blueberry fruit ripeness detection performance between different
mainstream lightweight object detection models and the GLL-YOLO model are shown
in Table 10.

Table 10. Detection results of different lightweight network models.

Model Predict (%) Recall (%) mAP (%) Param(s) GFLOPs (G)
starnet_50 85.8 81.9 90.1 2.25 6.50
EfficientViT_MO 87.6 82.4 914 4.00 9.40
mobilenetv4 87.3 83.7 91.3 5.70 22.5
fasternet 84.8 86.8 91.9 4.17 10.7
timm 86.5 84.6 91.8 13.32 35.1
HGNetV2 85.4 85.0 91.6 2.35 6.90
GLL-YOLO 86.9 88.7 91.9 1.50 5.00

From Table 10, we can see that GLL-YOLO outperforms other mainstream lightweight
object detection models in terms of precision, recall, and mAP. The precision, recall, and
mAP of GLL-YOLO reach 86.90%, 88.70%, and 91.90%, respectively. Compared with
other lightweight object detection models, the maturity detection accuracy and mAP of
GLL-YOLO are 1.10% and 1.80% higher than those of the starnet_50 model with the best
lightweight effect. The model size is reduced by 33.30%, and the number of parameters is
reduced by 23.07%. Compared with the timm model with the highest accuracy, the accuracy
is increased by 0.40%, and the model size and floating-point amounts are significantly
reduced, decreasing by 85.75% and 88.73%, respectively.

Figure 10 presents the radar chart analysis results based on the data in Table 10. The
graph synthetically presents the performance comparison of five core evaluation metrics:
Precision (P), Recall (R), mean Average Precision (mAP), model parameters (Params), and
computational complexity (GFLOPs). The analysis shows that the GLL-YOLO model under-
takes comprehensive performance advantages in comparison with the current mainstream
lightweight object detection models: It not only obtains the highest mean average precision
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(mAP) and the best recall (R), but also performs well in lightweight models, with the
smallest number of model parameters (Params) and the lowest computational complexity
(GFLQOPs). This excellent synergy for the key indicators of detection accuracy and model
efficiency is intuitively reflected in the polygon area corresponding to GLL-YOLO in the
radar map, which covers a significantly larger area than other comparison models and has
the fullest shape. Based on the above results, it can be concluded that in the context of
the specific task of blueberry fruit maturity detection, compared with other mainstream
lightweight models, GLL-YOLO achieved significant improvements in key accuracy indi-
cators (especially mAP and R) and model lightweighting (Params and GFLOPs), as well
as a better comprehensive balance. This result verifies the strong comprehensive strength
of the GLL-YOLO model in multi-dimensional performance and highlights its significant
potential in resource-constrained scenarios (such as edge device deployment).

Predict (%) ~m— starnet 50
—@— EfficientViT_MOQ
—A&— mobilenetv4d
fasternet
timm
—4— HGNetV2
—P»— GLL-YOLO

88 %0 Recall (%)

GFLOPs 4,/86/’/

0 92.0
Param(s) mAP50 (%)

Figure 10. Comparison diagram of lightweight model.

4.3.6. Results and Analysis of Blueberry Detection Experiment

In the growing environment of blueberries, there are often dense branches and leaves,
background interference with similar colors, and mutual occlusion between fruits, which
put forward extremely high requirements for the performance of object detection models.

Figure 11 shows the detection results of blueberry fruit maturity based on YOLOv8
and GLL-YOLO. In Figure 11, panel a is the original image; panel b is the image detected
by YOLOVS; and panel c is the image detected by GLL-YOLO. Analysis of the detection
results of YOLOVS in Figure 11b shows that there is a significant detection bias in the model,
which is characterized by the coexistence of missed detection (that is, failure to identify
part of the target) and false detection (that is, mistakenly recognizing the background
or other non-target objects, such as blueberry fruits). In the areas marked with specific
markers (such as circled parts), YOLOVS fails to identify blueberry fruits partially occluded
by branches and leaves or in dense clusters, and at the same time, misidentifies some
background interference as targets, which directly affects the integrity and accuracy of its
detection under complex backgrounds. In contrast, the detection results of GLL-YOLO
in Figure 11c show higher robustness and accuracy. This model not only successfully
recognizes and detects the maturity of most blueberry fruits in the image but can also
maintain high accuracy when dealing with complex situations with significant overlap and
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partial occlusion between targets, which effectively overcomes the problem that traditional
models are susceptible to fruit occlusion interference.

(2) Original image (b) YOLOV8 image (¢) GLL-YOLO image

Figure 11. Detection result diagram. (a) is the original image, (b) is the effect of YOLOv8 detection,
and (c) is the effect of GLL-YOLO detection.

The experimental results in Figure 11 confirm the excellent performance of the GLL-
YOLO model in the detection task of blueberry fruit maturity, especially in responding to
challenging problems such as complex backgrounds and target occlusion; its performance
is significantly better than YOLOv8n, which provides strong support for accurate detection
in a complex agricultural environment.

4.3.7. Embedded System Experiment

In order to verify the feasibility of our proposed GLL-YOLO model in practical ap-
plications, especially the evaluation of the efficiency and stability of its deployment on
resource-constrained edge devices, this study deploys the Jetson Orin Nano device for
modeling and performance testing, and its hardware is shown in Figure 12a. Jetson Orin
Nano runs on Ubuntu 20.04.5 LTS with Python 3.8 and PyTorch 1.8.0 configured as the
software environment. It is equipped with an Arm Cortex-A78AE CPU and NVIDIA Am-
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perage architecture with a 32-tensor core GPU that provides the necessary computational
power for model inference. This trial focused on the inference speed of the model and was
measured in frames per second (FPS), which is crucial to determine whether the method
can meet the needs of real-time application scenarios such as smart picking. As shown
in Figure 12b, the detection effect deployed on Jetson Orin Nano is good, the maturity
detection is accurate, and the FPS fluctuates between 25 and 40. This speed range fully
proves the significant advantages of the model in real-time performance, which is sufficient
to meet the needs of most real-time detection applications.
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Figure 12. Effect diagram of embedded device. (a) shows the Jetson Orin Nano device, and (b) the
detection results on the Nano device.

The GLL-YOLO algorithm proposed in this paper runs stably on resource-constrained
edge devices, further indicating that the response delay of the algorithm is controlled
within an acceptable range and will not significantly affect real-time applications. At
the same time, the utilization of CPU and GPU resources is at a reasonable level, which
not only ensures performance, but also avoids the unnecessary wasting of resources. In
addition, its power consumption performance also meets the operating requirements of
edge devices and does not result in too high an energy burden. Together, these positive
features provide a solid foundation and strong technical support for the further deployment,
optimization, and large-scale application of our algorithm in edge scenarios such as smart
harvesting devices.

5. Discussion

At present, our experiment has mainly been carried out based on the “Ruizhu” variety
of blueberry at the Small Berry Genetic Center of Jilin Agricultural University. Although
the pilot area has good experimental conditions and complete equipment, due to the single
variety and controlled environment, the adaptability and robustness of the model under
diverse varieties, different phenology stages, and complex field conditions still need to be
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fully verified. In addition, weather conditions and seasonal changes will also affect the
performance of the model. Future work will carry out cross-regional and multi-growth
cycle image data acquisition and annotation for typical blueberry-producing areas in China.
By systematically integrating blueberry fruit phenotypic data from multiple origins and
varieties, we will focus on optimizing the recognition accuracy and stability of the model
against different backgrounds.

6. Conclusions

Accurate detection of blueberry fruit maturity in natural orchard environments is fun-
damental to the development of selective harvesting robots. To address this challenge, this
study involved first building a comprehensive blueberry fruit ripeness dataset specifically
designed to enhance the robustness of the model in complex environments such as dense
foliage, similar colored backgrounds, and fruit occlusions. Based on this, we propose an
improved lightweight detection model called GLL-YOLO. This model utilizes GhostNetV2
as a more effective backbone for YOLOVS and is further optimized by combining our
proposed LIMC and LSCD modules. Our experimental results verify the effectiveness of
the proposed method. The detection accuracy of the GLL-YOLO model in three different
maturity stages reached 95.37%, 91.31%, and 89.03%, respectively. Crucially, our model is
highly efficient, with its parameters and GFLOPs compressed to 1.5 M and 5.0 G on average,
resulting in a model size of 3.3 MB. Compared with other existing methods, GLL-YOLO
has significant advantages in terms of detection accuracy and model efficiency, making it
suitable for real-time applications in embedded devices.
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