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Abstract: Strawberries are a commonly used agricultural product in the food industry. In the tradi-
tional production model, labor costs are high, and extensive picking techniques can result in food 
safety issues, like poor taste and fruit rot. In response to the existing challenges of low detection 
accuracy and slow detection speed in the assessment of strawberry fruit maturity in orchards, a CR-
YOLOv9 multi-stage method for strawberry fruit maturity detection was introduced. The composite 
thinning network, CRNet, is utilized for target fusion, employing multi-branch blocks to enhance 
images by restoring high-frequency details. To address the issue of low computational efficiency in 
the multi-head self-attention (MHSA) model due to redundant attention heads, the design concept 
of CGA is introduced. This concept aligns input feature grouping with the number of attention 
heads, offering the distinct segmentation of complete features for each attention head, thereby re-
ducing computational redundancy. A hybrid operator, ACmix, is proposed to enhance the efficiency 
of image classification and target detection. Additionally, the Inner-IoU concept, in conjunction with 
Shape-IoU, is introduced to replace the original loss function, thereby enhancing the accuracy of 
detecting small targets in complex scenes. The experimental results demonstrate that CR-YOLOv9 
achieves a precision rate of 97.52%, a recall rate of 95.34%, and an mAP@50 of 97.95%. These values 
are notably higher than those of YOLOv9 by 4.2%, 5.07%, and 3.34%. Furthermore, the detection 
speed of CR-YOLOv9 is 84, making it suitable for the real-time detection of strawberry ripeness in 
orchards. The results demonstrate that the CR-YOLOv9 algorithm discussed in this study exhibits 
high detection accuracy and rapid detection speed. This enables more efficient and automated 
strawberry picking, meeting the public’s requirements for food safety. 
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1. Introduction 
Ripe strawberries are characterized by a delightful blend of sourness, sweetness, and 

juiciness, while also being rich in essential dietary components, such as vitamins, miner-
als, folic acid, and fiber [1]. In China, strawberries are highly favored and widely culti-
vated, with the country being the world’s largest producer of this fruit. The ripening pe-
riod of strawberries typically spans three to four months, during which the nutrient com-
position varies based on the ripeness of the fruit. If strawberries are harvested too early, 
not only will their nutritional value be low, but the taste and quality will also suffer. On 
the other hand, if they are harvested too late, the fruits are more likely to rot, impacting 
transportation and storage, and potentially leading to food safety concerns. Currently, 

Citation: Ye, R.; Shao, G.; Gao, Q.; 

Zhang, H.; Li, T. CR-YOLOv9:  

Improved YOLOv9 Multi-Stage 

Strawberry Fruit Maturity Detection 

Application Integrated with CRNET. 

Foods 2024, 13, 2571. https://doi.org/ 

10.3390/foods13162571 

Academic Editor: Guangnan Chen 

Received: 27 June 2024 

Revised: 13 August 2024  

Accepted: 14 August 2024 

Published: 17 August 2024 

 

Copyright: © 2024 by the authors. 

Licensee MDPI, Basel, Switzerland. 

This article is an open access article 

distributed under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license 

(https://creativecommons.org/license

s/by/4.0/). 



Foods 2024, 13, 2571 2 of 25 
 

 

strawberry harvesting is predominantly based on the manual observation of their growth 
status to determine the optimal time for picking. This traditional method is not only inef-
ficient and costly, but also fails to meet the demands of modern industrialization [2]. In 
light of the dwindling agricultural labor force, performing an intelligent and automated 
detection of strawberry fruits in intricate orchard settings holds significant practical im-
portance. Therefore, researching an efficient, accurate, and suitable strawberry ripeness 
detection system for orchard deployment will not only provide a valuable reference for 
modernizing the strawberry industry, but also meet the public’s demand for food safety. 

Strawberry ripeness detection falls under the category of target detection [3–5]. As 
artificial intelligence technology continues to advance, target detection algorithms are also 
evolving and being applied in various areas of food detection [6–8], such as meat freshness 
detection [9,10], fruit maturity detection [11–14], and food classification [15,16]. Target de-
tection algorithms are typically categorized into two groups: single-stage target detection 
algorithms [17], such as the YOLO series [18] and SSD [19]; and two-stage target detection 
algorithms [20], such as R-CNN [21], Fast R-CNN [22], and Faster R-CNN [23]. The YOLO 
series model is currently the predominant single-stage target detection algorithm and has 
found extensive application in fruit maturity detection. In their study, Wang et al. [24] 
introduced the DSE-YOLO model specifically designed for detecting small strawberry tar-
gets. The model incorporates pointwise convolution and dilated convolution to capture 
detailed information and semantic features in both horizontal and vertical dimensions, 
enabling the accurate detection of various stages of strawberry fruit growth in natural 
environments. Building upon this work, An et al. [25] further enhanced the spatial inter-
action capabilities and detection accuracy of small target fruits by refining the YOLOX 
model. Their improvements led to the successful monitoring of strawberry fruits across 
five distinct growth stages. Cuong et al. [26] utilized technology based on the YOLOv4 
model for real-time monitoring on mobile devices, achieving a recognition accuracy of 
98.26% on the pineapple dataset. To enable the multi-task detection of cherry tomatoes, 
Chen et al. [27] incorporated two additional decoders to enhance the YOLOv7 loss func-
tion, resulting in the development of the MTD-YOLOv7 model with improved generali-
zation capabilities. Li et al. [28] leveraged the MHSA mechanism to enhance the backbone 
network of YOLOv8, boosting the network’s capacity to extract diverse features and 
demonstrating a strong performance for tomato maturity grading and counting. The 
DSConv module was integrated into the YOLOv8 network by You et al. [29], resulting in 
a reduction in parameters. Additionally, a spatial attention mechanism was incorporated 
into the feature fusion network to enhance the network’s feature expression capability, 
leading to an average accuracy of 98.6%. On the other hand, Yang et al. [30] combined a 
Swin-Transformer with the YOLOv8s model, resulting in a more efficient feature fusion 
network and a 0.5% increase in the detection accuracy compared to the original model. 

The main contributions of this article are as follows: 
(1) The composite refinement network (CRNet) is proposed to utilize multi-branch 

blocks for target fusion in order to restore high-frequency details in images and achieve 
complete image restoration and enhancement. Additionally, it incorporates convolution 
enhancement blocks, large kernel convolution, and ConvFFN to expand the receptive field 
and improve feature fusion capabilities. This addresses the constraints posed by sensors 
and other equipment in real-world scenarios, allowing for the enhancement of low-dy-
namic images with blur and noise. These advancements provide a technical groundwork 
for the development of one-step strawberry ripeness image detection. 

(2) In order to address the issue of low computational efficiency resulting from re-
dundant attention heads in multi-head self-attention (MHSA) mechanism, this paper pro-
poses the concept of CGA. CGA aligns input feature grouping with the number of atten-
tion heads, providing each attention head with distinct segmentations of complete fea-
tures to explicitly distribute attention calculations across the heads. Additionally, a feed-
forward network (FFN) is introduced. This attention mechanism utilizes global embed-
ding to maintain an optimal performance while dividing multiple attention heads through 
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feature grouping to enhance memory storage efficiency. Finally, intra-group feature di-
mensionality reduction is employed to reduce computational redundancy. 

(3) A hybrid operator is proposed to enhance the restoration of original detailed fea-
tures in small target features without adding excessive parameters during the upsampling 
process. This approach aims to reduce information loss due to channel compression, while 
also improving computational efficiency for image classification and target detection. The 
operator achieves this by sharing self-attention and convolution modules. 

(4) The current rapid progress in bounding box regression (BBR) is primarily 
achieved through the addition of new loss terms. The IoU cannot be dynamically adjusted 
based on varying detection model performance and different detection tasks. To enhance 
the detection of small strawberries, the concept of Inner-IoU is introduced and integrated 
with Shape-IoU (Shape Intersection over Union) to replace the original loss function. This 
adjustment allows the model to prioritize the recognition of overlapping detection frames, 
thereby enhancing the accuracy of small target detection in complex scenarios. 

2. Materials and Methods 
2.1. Data Acquisition 

In accordance with the standard NY/T 1789-2009 ‘Strawberry Grade Specifications 
Part 3′, the quality of strawberries is typically assessed based on criteria such as the ab-
sence of rot or deterioration, color maturity, lack of mechanical damage, freshness of sep-
als and fruit stems, absence of pests and diseases, and absence of abnormalities. The rip-
ening process of strawberries is categorized into four stages—green ripening period, 
white ripening period, color-changed period, and red ripening period—based on external 
moisture and other factors. The classification criteria can be found in Table 1. 

Table 1. Classification description of strawberry maturity. 

Stage Maturity Related Description Picking Situation 

1 
Green 

ripening 
period 

During the early stages of strawberry growth, 
the fruit appears bright green in color with a 
smooth skin and firm flesh. At this point, the 
fruit lacks the characteristic red or white spots 
and is not yet sweet in taste. 

Not suitable for 
picking 

2 
White 

ripening 
period 

During the middle stage of strawberry 
growth, the majority of the fruit surface 
appears white as the green color begins to 
fade, although some green areas may still be 
present. At this point, the pulp is soft, but has 
not yet reached optimal sweetness. 

Not suitable for 
picking 

3 
Color-

changed 
period 

During the later stages of strawberry growth, 
the fruit typically displays a noticeable red 
color. This color change typically starts on the 
side of the fruit that receives the most light, 
before gradually spreading to the other areas 
including the sides and backlit surface. 

Pickable, stored, or 
transported over 
long distances 

4 
Red 

ripening 
period 

During the final stage of strawberry growth, 
the fruit undergoes a transformation, turning 
a vibrant red color with a uniform appearance, 
free of any green or white spots. As the fruit 
reaches maturity, it also tends to increase in 
size and develop a sweeter taste. 

Pickable, 
transported at close 
distances, or sold on 
the same day 
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The experimental research area was located at the coordinates 102°75′ N, 25°13′ E, 
based on the Yunnan Provincial Key Laboratory of Crop Production and Smart Agricul-
ture, in conjunction with the strawberry planting experimental base of the Yunnan Pro-
vincial Dian-Taiwan Characteristic Agricultural Industrialization Engineering Research 
Center. This study focuses on ‘Red Face’, known for its high yield, ornamental value, good 
fruit quality, and strong flavor, making it of significant research interest. The collection 
equipment utilized a RealSense D455 depth industrial camera model with an 8 mm lens. 
A ring-light source was positioned above the field of view, and the entire setup was se-
cured with a high-precision fine-adjustable bracket. A black curtain served as the back-
ground for the images. The image acquisition device and process are detailed in Figure 1. 
To evaluate the algorithm presented in this article, it is recommended to select diverse 
images, such as dense scenes, blurred scenes due to exposure, occlusion scenes, scenes 
with multiple overlapping targets, long-distance scenes, and scenes with backlight shad-
ows. These images will provide a comprehensive assessment of the algorithm’s perfor-
mance. Utilize the open source annotation tool LabelImg to manually annotate the col-
lected strawberry images and save the resulting *.xml format files in a designated folder, 
as depicted in Figure 2. 

 
Figure 1. Intelligent equipment design process diagram. * stands for Mi model. 
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Figure 2. Partial image of the dataset. 

Classification of Different Strawberry Maturity Levels 
Conventional methods for classifying strawberry maturity typically categorize the 

fruit into the red ripening period, color-changed period, white ripening period, and green 
ripening period, based on the extent of coloration on the fruit’s surface. The colored areas 
represent approximately 100%, 75%, 50%, and 25% of the fruit’s surface. Given the chal-
lenges of accurately assessing strawberry peel coloration in natural settings, this study 
proposes a classification system based on the peel coloration area. The four levels identi-
fied are: red ripening period (full maturity), characterized by a fully red peel; color-
changed period (maturity), where the peel shows alternating red and green colors; white 
ripening period (immaturity), with most of the fruit’s surface being white; and green rip-
ening period (immaturity), where the peel is predominantly green. Each type of straw-
berry is labeled accordingly, as illustrated in Figure 3. 

 
Figure 3. Strawberry ripeness classification. 
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2.2. Composite Refinement Network 
Real greenhouse shooting scenes often face challenges, such as poor lighting condi-

tions, foggy environments, long exposure times, and sensor limitations. These factors can 
lead to image degradation, including reduced visibility, high levels of noise, and artifacts, 
all of which can significantly impact target detection accuracy. To address these issues, 
researchers have explored various deblurring, denoising, and HDR imaging techniques. 
Current methods often focus on specific individual tasks, resulting in unsatisfactory im-
ages. To address this issue, it is essential to develop a model capable of simultaneously 
handling image restoration and enhancement tasks. One common approach to improving 
detection performance in low-light scenes involves integrating an image enhancement al-
gorithm before the detection algorithm to restore details and texture to low-quality images 
to achieve normal lighting effects. Traditional image enhancement algorithms typically 
include those based on histogram equalization [31,32] and the Retinex theory [33–35]. 

CRNet utilizes a pooling layer to effectively distinguish between high-frequency and 
low-frequency information, and employs multi-branch blocks for fusion to address the 
issue of inadequate high-frequency details in image restoration tasks. To enhance the in-
tegration of various image features, CRNet incorporates a convolutional enhancement 
block, which is a convolution module primarily consisting of large kernel convolutions to 
expand the model’s receptive field. Additionally, ConvFFN with a reverse bottleneck 
structure is utilized for comprehensive feature fusion. 

2.2.1. Overview of CRNet 
A series of original images {𝑅ଵ, 𝑅ଶ, … , 𝑅ே}  captured in a dynamic task scene with 

varying exposure levels was processed through denoising, deblurring, and HDR recon-
struction simultaneously. The process involved selecting five original images {𝑅ଵ, 𝑅ଶ, … , 𝑅ே} sorted from lowest to highest exposure, with 𝑅ଵ as the reference. Each im-
age, 𝑅௜, is then normalized to ோ೔୼௧೔/୼௧భ, where Δ𝑡௜ represents the exposure time of the i-th 
image. Following the multi-exposure HDR reconstruction method [36,37], the normalized 
original image undergoes gamma mapping and conversion to generate {𝐿ଵ, 𝐿ଶ, 𝐿ଷ, 𝐿ସ, 𝐿ହ}, 
which is expressed as: 𝐿௜ = ( ோ೔୼௧೔/୼௧భ)ఊ  (1)

Among them, 𝛾 represents the gamma correction parameter, usually set to 0.45. 
Subsequently, connect each 𝐿௜ with its corresponding 𝑅௜ according to the following 

equation to form {𝐼ଵ, 𝐼ଶ, 𝐼ଷ, 𝐼ସ, 𝐼ହ}: 𝐼௜ = ቄ ோ೔୼௧೔/୼௧భ , 𝐿௜ቅ  (2)

Then, {𝐼ଵ, 𝐼ଶ, 𝐼ଷ, 𝐼ସ, 𝐼ହ} were input into the model, and a noise free and blurred HDR 
image was derived based on the following equation, represented as: 𝐻෡ = 𝑓(𝐼ଵ, 𝐼ଶ, 𝐼ଷ, 𝐼ସ, 𝐼ହ; 𝜃)  (3)

where the function 𝑓(⋅) represents the imaging network and 𝜃 represents the network 
parameters. 

2.2.2. Frequence Separation and Fusion 
In the unified task of image restoration and enhancement, the enhancement of high-

frequency feature information is very important. It is an effective method to amplify the 
high-frequency feature and the low-frequency feature. The CRNET model is shown in 
Figure 4. The traditional separation technology needs a lot of computational overheads 
and cannot directly integrate the network. In order to minimize the computational cost 
associated with separating high-frequency and low-frequency features, a pool layer is 
used, as shown in Figure 5. In CRNET, average pooling and maximum pooling are used. 
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Specifically, the pooling layer downsamples the input feature map of dimension 𝐵 × 𝐻 × 𝑊 × 𝐶 to reduce the resolution, 𝐹௅஻×ಹమ×ೈమ ×஼
, in order to obtain low-frequency fea-

tures, 𝐹௅. These features are then upsampled to the original dimensions, 𝑓୳୮஻×ு×ௐ×஼, using 
bilinear interpolation. The high-frequency features, 𝐹ு of 𝐹, are then calculated by sub-
tracting 𝐹௅ from the original features, 𝐹. This method efficiently captures both the high- 
and low-frequency features of the image, as demonstrated in the following formula: 

  𝐹௅ = 𝑃𝑜𝑜𝑙𝑖𝑛𝑔(𝐹) (4)𝐹ு = 𝐹 − Upsample(𝐹௅) (5)

where 𝑃𝑜𝑜𝑙𝑖𝑛𝑔  represents the downsampling operation of the pooling layer, and 
Upsample represents the upsampling operation of bilinear interpolation. 

 
Figure 4. An overview of the CRNet model. 

 
Figure 5. The pooling layer effectively separates high- and low-frequency information. 

After obtaining the clearly extracted high-frequency features, 𝐹ு, the self-attention 
mechanism is utilized to globally enhance them and obtain 𝐹ுభ. To address issues of in-
formation loss and insufficient fusion during the fusion process, multi-branch blocks are 
employed, as illustrated in Figure 6A. These blocks comprise dual-path convolutional 
components, each path using a different number of convolutions. The first branch incor-
porates three convolution kernels, focusing on high-frequency image details, while the 
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second branch includes only one convolution kernel, emphasizing low-frequency content 
and texture details. This approach effectively combines high- and low-frequency features. 
The specific formula is as follows: 

 𝐻 = 𝑀𝐵𝐵(𝐹ுଵ) (6)𝐿 = 𝑀𝐵𝐵 ቀ𝑀𝐵𝐵൫𝑀𝐵𝐵(𝐹௅)൯ቁ (7)

𝑂𝑢𝑡 = 𝐶𝑜𝑛𝑣ଵ×ଵ(𝐶𝐴(𝐶𝑜𝑛𝑣ଷ×ଷ(𝐶𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑒(𝑈𝑝(𝐿), 𝐻)))) (8)

Among them, MBB represents multi-branch blocks, Conv1 represents 1 × 1 convolu-
tion, Conv3 represents 3 × 3 convolution, CA represents channel attention, and Up repre-
sents bilinear interpolation upsampling. 

 
Figure 6. Asymmetric parallel convolutional groups. 

2.2.3. Convolutional Enhancement 
In order to enhance the receptive field and effectively integrate input features, con-

volutional enhancement blocks are utilized in the network, as illustrated in Figure 7. The 
convolution module employs 7 × 7 depthwise separable convolutions to achieve a broad 
receptive field and incorporates an inverse bottleneck structure, ConvFFN, for compre-
hensive information extraction. Furthermore, it serves as a high-pass filter, facilitating the 
efficient fusion of content from the five input frames and implicitly boosting high-fre-
quency information. The feed-forward network (FFN) is introduced to enhance the per-
formance of the attention mechanism by adding non-linearity, refining feature represen-
tations, increasing network depth, and improving robustness and generalization. It helps 
balance the computational load, mitigate overfitting, and supports the sequential refine-
ment of features. These enhancements ensure that the model can capture complex pat-
terns, generalize well to unseen data, and maintain a high performance in real-time appli-
cations, such as strawberry ripeness detection. The specific formula is outlined as follows: 

 𝐹ଶ = ConvFFN ൬Convଵ×ଵ ቀDConv଻×଻൫Convଵ×ଵ(𝐹ଵ)൯ቁ൰ (9)

Among them, Convଵ×ଵ  represents a 1 × 1 convolution, and DConv଻×଻  represents 
the depthwise separable 7 × 7 convolution. 
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Figure 7. Convolutional enhancement block. 

To delve deeper into the impact of CRNet and gain a clearer understanding of its role 
in detecting strawberry ripeness, the Grad-CAM heat map visualization technique em-
phasizes the model’s ability to identify the maturity level of strawberries by analyzing the 
weight of the ‘maturity’ category in the final convolution layer. The visualization results, 
as depicted in Figure 8, reveal that the model’s visual analysis in this study significantly 
influences the decision-making process, with a stronger focus on mature areas. This con-
centrated attention on mature regions underscores the model’s effectiveness in detecting 
strawberry ripeness. 

 
Figure 8. Heat maps of strawberry fruits at different stages. 
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2.3. YOLOv9 Model 
2.3.1. Improving the YOLOv9 Model 

YOLOv9, the most recent iteration of the YOLO (You Only Look Once) series, intro-
duces advancements to real-time target detection systems. Built upon YOLOv7, it lever-
ages the General ELAN (GELAN) architecture and programmable gradient information 
(PGI) to enhance both the efficiency and accuracy of target detection. The utilization effi-
ciency of model parameters is notably improved. Thus, in this research, YOLOv9 is em-
ployed for detecting strawberry maturity, as illustrated in Figure 9. 

 
Figure 9. Structure of the improved YOLOv9 algorithm. 

2.3.2. Efficient Vision Transformer with Cascaded Group Attention 
Vision Transformer (ViT) is a groundbreaking approach that leverages Transformer 

architecture for image classification by tokenizing and flattening images into token se-
quences. This method involves designing a more suitable backbone network based on 
Transformer architecture for computer vision tasks. The Transformer model, a seminal 
work in natural language processing (NLP) introduced by Google in 2017 [38], incorpo-
rates a self-attention mechanism to enable a global understanding of images, establish fea-
ture dependencies, and leverage contextual information for parallel training. Although 
the Image Transformer model from 2018 applies Transformer to image classification, it 
still relies on convolution operations and does not fully exploit the benefits of the self-
attention mechanism [39]. Until 2020, Dosoviskiy et al. introduced the ViT model, which 
was the first to apply the original Transformer model to image classification tasks. To en-
able the Transformer structure to process images, the ViT model introduces the concept 
of image patches (Patch). These image patches are transformed into sequence data 
through linear projection and position coding before being input into the Transformer. 
Additionally, a classification flag (Class) is added before the sequence data in order to 
better capture global information. The self-attention mechanism in each layer of the Trans-
former allows for capturing dependencies between image features and leveraging contex-
tual information for a comprehensive global understanding. Following the self-attention 
mechanism, the output of the Transformer passes through a fully connected layer and a 
SoftMax layer to generate the final image classification result. The complete structure of 
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the Vision Transformer model can be observed in Figure 10, which comprises three main 
modules: the embedding layer, the Transformer encoder, and the MLP head. 

 
Figure 10. Vision Transformer network structure. 

Due to the local perceptual characteristics of the convolution operation, the overall 
correlation between the data can be overlooked, leading to deviations in understanding 
the overall semantic information. To enhance the multi-scale representation ability of im-
ages, various aspects, such as different ideas, advantages, limitations, and complexity of 
the improved model, are integrated. This section introduces a new hierarchical model 
named EfficientViT, designed for fast inference. The framework is illustrated in Figure 11, 
with the adoption of a new efficient visual converter building block depicted in Figure 
11B. This module incorporates a memory-efficient sandwich layout, a cascaded group at-
tention module, and a parameter redistribution strategy to enhance model efficiency in 
terms of memory, computation, and parameters. It utilizes self-attention layers that are 
less memory-constrained and more memory-efficient feed-forward network (FFN) layers 
for channel communication. Spatial mixing is achieved by a single self-attention layer, Φ௜஺, 
sandwiched between FFN layers, Φ௜ி, calculated as follows: 

 𝑋௜ାଵ = ∏ே  Φ௜ி(Φ௜஺(∏ே  Φ௜ி(𝑋௜))) (10)

Among them, 𝑋௜ is the complete input feature of the 𝑖-th block. The block transforms 𝑋௜ into 𝑋௜ାଵ, with 𝑁 FFNs before and after a single self-attention layer. This design can 
reduce the memory time consumption caused by the self-attention layer and adopt more 
FFN layers to achieve efficient communication between different feature channels. In ad-
dition, deep convolution (DWConv) applies an additional token interaction layer before 
each FFN, introducing the inductive bias of local structural information to enhance the 
model’s ability. 
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Figure 11. Overview of EfficientViT. (A) Architecture of EfficientViT; (B) sandwich layout block; (C) 
cascaded group attention. 

Header redundancy in the MHSA model is a significant issue that can result in com-
putational inefficiency. The implementation of cascaded group attention (CGA) offers var-
ious segmentations of complete features for each head, effectively breaking down the at-
tention calculation across heads. This can be expressed as: 

 𝑋෨௜௝ = 𝐴𝑡𝑡𝑒𝑛(𝑋௜௝𝑊௜௝ொ, 𝑋௜௝𝑊௜௝௄, 𝑋௜௝𝑊௜௝௏) (11)𝑋෨௜ାଵ = 𝐶𝑜𝑛𝑐𝑎𝑡[𝑋෨௜௝]௝ୀଵ:௛𝑊௜௉ (12)

Among them, the 𝑗-th head calculates the self-attention layer on 𝑋௜௝; 𝑋௜௝ is the 𝑗-th 
segmentation of the input feature 𝑋௜, that is, 𝑋௜ = [𝑋௜ଵ, 𝑋௜ଶ, … , 𝑋௜௛], 1 ≤ 𝑗 ≤ ℎ. ℎ is the to-
tal number of heads, 𝑊௜௝ொ, 𝑊௜௝௄, and 𝑊௜௝௏ are the projection layers that divide the input 
feature into different subspaces, and 𝑊௜௉ is the dimensional linear layer that projects the 
connected output features consistent with the input. 

While utilizing feature segmentations instead of full features for each head is more 
efficient and reduces computational overheads, the capacity of the model can still be en-
hanced by learning projections of features with more information for the 𝑄, 𝐾, and 𝑉 
layers. The attention map of each head is calculated in a cascade manner, as illustrated in 
Figure 11C, where the output of each head is added to subsequent heads to iteratively 
enhance feature representation. 

 𝑋௜௝ᇱ = 𝑋௜௝ + 𝑋෨௜(௝ିଵ), 1 < 𝑗 ≤ ℎ (13)

where 𝑋௜௝ᇱ   is the addition of the 𝑗 -th input division, 𝑋௜௝ , and the (𝑗 − 1)  head output 𝑋෨௜(௝ିଵ) calculated by Equations (11) and (12). When calculating the self-attention value, it 
replaces 𝑋௜௝ as the new input feature of the jth header. In addition, a token interaction 
layer is added after the 𝑄 projection to enable the self-attention mechanism to jointly cap-
ture local and global relationships and further enhance feature representation. 

2.3.3. Self-Attention and Convolution Mechanisms 
Convolutional neural networks leverage convolution kernels to extract local features 

and have emerged as a dominant and conventional technology in a wide range of visual 
tasks. Theoretical analysis indicates that, with sufficient capacity, the self-attention mech-
anism has the capability to represent the function class of any convolutional layer. As a 
result, recent research endeavors have delved into the potential of integrating self-
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attention mechanisms in visual tasks. Two primary approaches have been explored: one 
involves utilizing the self-attention mechanism as a fundamental component of the net-
work, while the other entails combining the self-attention mechanism with the convolu-
tion network as a supplementary element. A hybrid operator enhances the restoration of 
original detailed features from small target features during the upsampling process by 
combining self-attention and convolution mechanisms. This approach ensures detailed 
feature restoration without adding excessive parameters by leveraging the strengths of 
both techniques: the self-attention mechanism captures global dependencies and context, 
while the convolution network efficiently handles local patterns and fine details. The in-
tegration of these methods allows for precise upsampling with minimal parameter over-
heads, ensuring high-quality feature restoration for small targets. 

Visual Transformers [40] have shown significant advancements in computer vision 
tasks, with the research focusing on enhancing Transformer models with convolution op-
erations to introduce additional inductive bias. The CvT [41] incorporates a convolution 
network during tokenization and utilizes strided convolution to reduce self-attention 
computational complexity. As shown in Figure 12A. The ViT [42] with the convolutional 
stem suggests adding convolution to the early stages for more stable training. The CSwin 
Transformer [43] leverages convolution-based position encoding to enhance downstream 
tasks. As shown in Figure 12B. Conformer [44] merges Transformer with an independent 
CNN model for a combined approach. As shown in Figure 12C. 

 
Figure 12. Convolution combined with the self-attention mechanism. 

As shown in Figure 13A, assuming that the stride of the convolution is 1, consider a 
standard convolution with the kernel 𝐾 ∈ 𝑅஼౥౫౪×஼౟౤×௞×௞, where 𝐾 is the convolution ker-
nel size, and 𝐶୧୬ and 𝐶୭୳୲ are the sizes of the input and output channels, respectively. 
Given tensor 𝐹 ∈ 𝑅஼౟౤×ு×ௐ, 𝐺 ∈ 𝑅஼౥౫౪×ு×ௐ is the input and output feature map, where 𝐻, 𝑊 represent the height and width, respectively, with 𝑓௜௝ ∈ 𝑅஼౟౤, 𝑔௜௝ ∈ 𝑅஼౥౫౪ as pixels (𝑖, 𝑗)  corresponding to 𝐹  and 𝐺 , respectively. Then standard convolution can be ex-
pressed as: 

 𝑔௜௝ = ∑  ௣,௤ 𝐾௣,௤𝑓௜ା௣ି⌊௞/ଶ⌋,௝ା௤ି⌊௞/ଶ⌋ (14)

where 𝐾௣,௤ ∈ 𝑅஼౥౫౪×஼౟౤, 𝑝, 𝑞 ∈ {0,1, … , 𝑘 − 1} denote the positions relative to the nucleus (𝑝, 𝑞). Finally, Equation (14) can be rewritten as the sum of feature maps at different core 
locations: 



Foods 2024, 13, 2571 14 of 25 
 

 

 𝑔௜௝ = ∑  ௣,௤ 𝑔௜௝(௣,௤) (15)

𝑔௜௝(௣,௤) = 𝐾௣,௤𝑓௜ା௣ି⌊௞/ଶ⌋,௝ା௤ି⌊௞/ଶ⌋ (16)

Furthermore, Shift operations, 𝑓ሚ ≜ Shift(𝑓, Δ𝑥, Δ𝑦), include: 

 𝑓ሚ௜,௝ = 𝑓௜ା୼௫,௝ା୼௬, ∀𝑖, 𝑗  (17)

where Δ𝑥 , Δ𝑦  are the horizontal displacement and vertical displacement, respectively. 
Then, Equation (16) can be rewritten as: 

 𝑔௜௝(௣,௤) = 𝐾௣,௤𝑓௜ା௣ି⌊௞/ଶ⌋,௝ା௤ି⌊௞/ଶ⌋ = Shift(𝐾௣,௤𝑓௜௝, 𝑝 − ⌊𝑘/2⌋, 𝑞 − ⌊𝑘/2⌋) (18)

Therefore, the standard convolution can be summarized into two stages: 

 Stage I: 𝑔෤௜௝(௣,௤) = 𝐾௣,௤𝑓௜௝ (19)

Stage II: 𝑔௜௝(௣,௤) = Shift(𝑔෤௜௝(௣,௤), 𝑝 − ⌊𝑘/2⌋, 𝑞 − ⌊𝑘/2⌋) (20)

 𝑔௜௝ = ∑  ௣,௤ 𝑔௜௝(௣,௤) (21)

 
Figure 13. Schematic diagram of the self-attention and convolution hybrid module. 
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2.3.4. Self-Attention Mechanism 
Attention mechanisms are commonly used for visual tasks to enable models to con-

centrate on crucial regions within a broader context, surpassing the limitations of tradi-
tional convolutions. This concept is illustrated in Figure 13B. 

Let 𝐹 ∈ 𝑅஼౟౤×ு×ௐ  and 𝐺 ∈ 𝑅஼౥౫౪×ு×ௐ  represent the input and output features, re-
spectively. Define 𝑓௜௝ ∈ 𝑅஼౟౤ and 𝑔௜௝ ∈ 𝑅஼౥౫౪ as the pixels at positions (𝑖, 𝑗). The output of 
the attention module is then calculated as: 

 𝑔௜௝ = ||ே൫∑  ௔,௕∈𝒩ೖ(௜,௝) 𝒜(𝑊௤(௟)𝑓௜௝, 𝑊௞(௟)𝑓௔௕)𝑊௩(௟)𝑓௔௕൯ (22)

Among them, ||  represents the concatenation of 𝑁  attention head outputs. 𝑊௤(௟) , 𝑊௞(௟), and 𝑊௩(௟) are the projection matrices of query, key, and value, respectively. 𝑁௞(𝑖, 𝑗) 
denotes a local area with a pixel space range of 𝑘 centered on (𝑖, 𝑗). 𝐴(𝑊௤(௟)𝑓௜௝, 𝑊௞(௟)𝑓௔௕) 
corresponds to the attention weight of features within 𝑁௞(𝑖, 𝑗). 

For the self-attention module, the attention weight calculation formula is: 

 𝐴(𝑊௤(௟)𝑓௜௝, 𝑊௞(௟)𝑓௔௕) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥ேೖ(௜,௝) ቆ(ௐ೜(೗)௙೔ೕ)೅(ௐೖ(೗)௙ೌ್)√ௗ ቇ (23)

where 𝑑 is the characteristic dimension of 𝑊௤(௟)𝑓௜௝. 
The multi-head self-attention module can also be divided into two stages and ex-

pressed as follows: 

 Stage I:  𝑞௜௝(௟) = 𝑊௤(௟)𝑓௜௝, 𝑘௜௝(௟) = 𝑊௞(௟)𝑓௜௝, 𝑣௜௝(௟) = 𝑊௩(௟)𝑓௜௝ (24)

 Stage II:  𝑔௜௝ = 𝑁||𝑙 = 1 ൫∑  ௔,௕∈𝒩ೖ(௜,௝) A(𝑞௜௝(௟), 𝑘௔௕(௟))𝑣௔௕(௟)൯ (25)

The schematic diagram of the mixed self-attention and convolution module is illus-
trated in Figure 13C. The self-attention and convolution module reduces information loss 
due to channel compression by combining the global context from the self-attention mech-
anism with local detail preservation from the convolution network. This synergy allows 
the model to capture comprehensive feature information with fewer channels, thus im-
proving the computational efficiency. The self-attention mechanism ensures that the 
model retains important contextual information, while the convolution network focuses 
on fine-grained details, together enhancing image classification and target detection accu-
racy without excessive computational costs. 

2.4. Shape IoU 
IoU (intersection over union) is a commonly used accuracy metric in target detection 

algorithms. When creating a dataset, an annotation box that is too large can result in learn-
ing excessive background information, while an annotation box that is too small can lead 
to incomplete feature learning. Incorrect annotations can result in learning incorrect fea-
tures. The YOLO model typically uses CIoU as the bounding box regression loss function, 
calculated as follows: 

 𝐿஼ூ௢௎ = 1 − 𝐼𝑜𝑈 + ఘమ∗(஻,஻೒೟)௖మ + 𝛼 ∗ 𝜈 (26)

where 𝜌ଶ ∗ (𝐵, 𝐵௚௧) is used to represent the Euclidean distance between the center point 
of the prediction box and the real box; 𝜈 = ସగమ (𝑡𝑎𝑛ିଵ ௪೒೟௛೒೟ − 𝑡𝑎𝑛ିଵ ௪௛)ଶ is used to measure 
the similarity of the aspect ratio; and 𝛼 = ఔ(ଵିIo௎)ାఔ is used as the weight coefficient. 

While CIoU enhances the accuracy of regression, it faces challenges in terms of weak 
generalization and slow convergence when dealing with small target objects. Reduced 𝑤 
and ℎ values can disrupt the bounding box regression of CIoU, resulting in a failure to 
truly represent real-world cases. For instance, in the context of strawberry maturity 
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detection, the shape of strawberries can vary significantly across different stages of 
growth. CIoU may be limited in dynamic growth scenarios like this, as it primarily focuses 
on the overlapping area of bounding boxes without taking into account the length and 
width. This imbalance in proportions can lead to inaccurate estimations of strawberry 
shapes in different samples, impacting the convergence speed of bounding boxes. 

To address the aforementioned issues, a novel bounding box loss function called In-
ner-IoU is proposed [45]. By adjusting the scale factor ratio, the size of the secondary 
bounding box can be managed, leading to more precise alignments during sample posi-
tioning. Figure 14 illustrates the Inner-IoU calculation methods at smaller and larger 
scales. 

 
Figure 14. Description of Inner-IoU. 

Inner IoU introduces the scale factor ratio to control the size of the auxiliary box for 
loss calculations. Its definition is shown in Equations (27)–(33): 

 𝑏௟୥௧ = 𝑥௖୥௧ − ௪ౝ೟∗௥௔௧௜௢ଶ , 𝑏௥୥௧ = 𝑥௖୥௧ + ௪ౝ೟∗௥௔௧௜௢ଶ  (27)

𝑏௧୥௧ = 𝑦௖௚௧ − ℎ୥௧ ∗ 𝑟𝑎𝑡𝑖𝑜2 , 𝑏௕୥௧ = 𝑦௖௚௧ + ℎ୥௧ ∗ 𝑟𝑎𝑡𝑖𝑜2  (28)

 𝑏௟ = 𝑥௖ − ௪∗௥௔௧௜௢ଶ , 𝑏௥ = 𝑥௖ + ௪∗௥௔௧௜௢ଶ  (29)

𝑏௧ = 𝑦௖ − ℎ ∗ 𝑟𝑎𝑡𝑖𝑜2 , 𝑏௕ = 𝑦௖ + ℎ ∗ 𝑟𝑎𝑡𝑖𝑜2  (30)

𝑖𝑛𝑡𝑒𝑟 = ቀ𝑚𝑖𝑛൫𝑏௥୥௧, 𝑏௥൯ − 𝑚𝑎𝑥൫𝑏௟୥௧, 𝑏௟൯ቁ ∗ ቀ𝑚𝑖𝑛൫𝑏௕୥௧, 𝑏௕൯ − 𝑚𝑎𝑥൫𝑏௧୥௧, 𝑏௧൯ቁ (31)

 𝑢𝑛𝑖𝑜𝑛 = (𝑤௚௧ ∗ ℎ௚௧) ∗ (𝑟𝑎𝑡𝑖𝑜)ଶ + (𝑤 ∗ ℎ) ∗ (𝑟𝑎𝑡𝑖𝑜)ଶ − 𝑖𝑛𝑡𝑒𝑟 (32)

𝐼𝑜𝑈௜௡௡௘௥ = 𝑖𝑛𝑡𝑒𝑟𝑢𝑛𝑖𝑜𝑛 (33)

where the center points of the GT box and inner GT box are represented by(𝑥௖ ௚௧, 𝑦௖ ௚௧). 
The center points of the prediction box and inner prediction box are represented by (𝑥௖, 𝑦௖). The width and height of the real box are expressed as 𝑤௚௧ and ℎ௚௧, respectively. 
The width and height of the prediction frame are expressed as 𝑤 and ℎ, respectively. the 
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ratio is generally taken as [0.5, 1.5]. When the ratio < 1, the auxiliary bounding box is 
smaller than the actual bounding box, which can speed up the regression and convergence 
of high IoU samples. On the contrary, when the ratio > 1, the auxiliary bounding box is 
larger, which can speed up the regression process of low IoU samples. 

In order to address the limitations of CIoU when dealing with the unbalanced length-
to-width ratio of a strawberry-shaped bounding box, Shape-IoU [46] was introduced. This 
allows the model to prioritize the shape and scale of the bounding box when calculating 
the loss function, leading to more precise bounding box regressions. The definition of 
Shape-IoU is detailed in Formulas (34)–(38). 

 𝑤ௐ = ଶ∗൫௪೒೟൯ೞ೎ೌ೗೐(௪೒೟)ೞ೎ೌ೗೐ା(௛೒೟)ೞ೎ೌ೗೐ (34)

ℎ௛ = 2 ∗ (ℎ௚௧)௦௖௔௟௘(𝑤௚௧)௦௖௔௟௘ + (ℎ௚௧)௦௖௔௟௘ (35)

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒௦௛௔௣௘ = ℎ௛ ∗ ൫𝑥௖ − 𝑥௖௚௧൯ଶ𝑐ଶ + 𝑤ௐ ∗ ൫𝑦௖ − 𝑦௖௚௧൯ଶ𝑐ଶ  (36)

𝛺௦௛௔௣௘ = ෍  ௧ୀ௪,௛ (1 − 𝑒ିఠ௧)ఏ, 𝜃 = 4 (37)

𝐿ௌ௛௔௣௘ିூ௢௎ = 1 − 𝐼𝑜𝑈 + 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒௦௛௔௣௘ + 0.5 ∗ Ω௦௛௔௣௘ (38)

where scale is the scale factor; 𝑤ௐ and ℎ௛ represent the weight coefficients in the hori-
zontal and vertical directions, respectively. 

Shape-IoU is utilized to replace the calculation component of IoU, combining the 
strengths of Inner-IoU and Shape-IoU to enhance the model’s generalization capability 
when encountering varying strawberry shapes. The enhanced Inner-ShapeIoU is pre-
sented in Equation (39). 

 𝐿ௌ௛௔௣௘ିூ௢௎ ௜௡௡௘௥ = 1 − 𝐼𝑜𝑈௜௡௡௘௥ + 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒௦௛௔௣௘ + 0.5 ∗ 𝛺௦௛௔௣௘ (39)

3. Results and Discussion 
3.1. Experimental Dataset and Experimental Environment 

The collection time is not fixed, and images are randomly captured under different 
lighting conditions. A total of 4970 strawberry images at 1640 pixels × 720 pixels were 
obtained. These images include various shapes and maturity levels of strawberries, taking 
into account factors like occlusion and overlap. Fruits were photographed from multiple 
angles to ensure a diverse sample set. In order to assess the effectiveness of the YOLOv9 
algorithm, the image dataset was randomly partitioned into three groups, the model train-
ing set, verification set, and test set, with ratios of 7:2:1, respectively. These datasets will 
be utilized for model training, parameter optimization, and the comparison of prediction 
results to evaluate the model’s performance. The visualization in Figure 15 presents the 
strawberry dataset. In Figure 15A, the types and corresponding label information are dis-
played, with the green ripening period is labeled as A, white ripening period as B, color-
changed period as C, and red ripening period as D. Figure 15B illustrates the dimensions 
of the label box, while Figure 15C shows the distribution of center-point locations. Figure 
15D provides information on the distribution of strawberry sizes, and Figure 15E assigns 
details to the labels. 
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Figure 15. Strawberry dataset information visualization. 

The model training and testing environments for this study are Intel (R) Xeon (R) 
8350C CPU, RTX3090 GPU, 24GB RAM, Python 3.8 deployment environment, Python 
1.11.0 deep learning framework, CUDA 1.3 acceleration environment, input image size of 
640 × 640, batch size of 64, initial learning rate of 0.01, weight attenuation coefficient of 
0.0005, and an SGD optimizer, with optimizer Momentum set to 0.937. 

3.2. Model Evaluation Indicators 
When deploying a lightweight strawberry ripeness detection model at the edge, it is 

crucial to consider both the accuracy of the detection and the complexity of the model. 
This article evaluates model performance using metrics such as precision, recall, 
mAP@50%, mAP@50:95%, and frames per second. Precision is defined as the ratio of cor-
rect predictions to predicted positive samples, while recall is the ratio of correct samples 
predicted by the model to the total samples. mAP is commonly measured using two indi-
cators: mAP@50% and mAP@50:95%. The former calculates the average accuracy mean at 
an IoU threshold of 0.5, while the latter measures the average mAP across ten groups with 
IoU values ranging from 0.5 to 0.95 at increments of 0.05. 

3.3. Model Performance Experiments 
The performance of a model can be evaluated by the loss function, with a smaller 

value indicating a better alignment with real results. In the case of CR-YOLOv9 shown in 
Figure 16A, a rapid decrease in the loss function is observed initially during training. 
However, after around 200 rounds, the rate of decrease slows down and the curve starts 
to noticeably oscillate. By 600 rounds, the model’s loss function stabilizes, with bounding 
box, classification, and feature point losses in the training set settling below 1.2. In Figure 
16B, a similar pattern is seen with CR-YOLOv9, where after 300 rounds, the decrease rate 
slows down, leading to more pronounced oscillations. After 600 rounds, the model’s loss 
function stabilizes, with losses in the training set remaining below 1.5. 
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Figure 16. Loss function curve (note: yellow: boundary frame loss; green: classification loss; red: 
feature point loss). 

3.4. Ablation Experiment 
In order to assess the impact of three enhancements on the model’s performance, 

YOLOv9 was chosen as the baseline model. Ablation tests were carried out on the test set 
of a custom dataset. The Grad-CAM heat map outcomes for the various enhancement 
modules are depicted in Figure 17, while the test results are summarized in Table 2. 

Table 2. Results of ablation experiments. 

Model Precision 𝑷/% 
Recall 𝑹/% 

Mean Average 
Precision 

mAP@50/% 

Mean Average 
Precision 

mAP@50:95/% 

𝑭1 
Score/% 

Frames per Second 
FPS/(Frame·s−1) 

YOLOv9 93.32  90.27 94.61 68.82 91.77 78 
YOLOv9 + CGA 94.57 91.39 95.36 72.12 92.96 86 

YOLOv9 + ACmix 94.78 90.67 95.19 71.01 92.68 84 
YOLOv9 + Shape-IoU 95.12 90.92 94.97 71.94 92.97 79 

YOLOv9 + CGA + 
ACmix 95.71 92.52 96.01 76.19 94.09 80 

YOLOv9 + CGA + 
Shape-IoU 95.22 92.58 95.94 74.69 93.88 81 

YOLOv9 + ACmix + 
Shape-IoU 

95.34 92.15 95.72 73.49 93.71 83 

YOLOv9 + CGA+ 
ACmix+Shape-IoU 97.52 95.34 97.95  85.46 96.42 84 
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Figure 17. Grad CAM thermal map results for different improved modules. 

Ablation experiments demonstrate that the proposed enhanced methods lead to im-
proved detection performances across various metrics. The subsequent experiments re-
veal that integrating the CGA module effectively reduces the computational redundancy 
and enhances network depth, thereby boosting the model’s capacity. Furthermore, the 
ACmix approach combines the combined convolution network and self-attention module 
to streamline computational overheads and enhance lightweight aggregation operations. 
Additionally, the Shape-IoU method significantly improves the model’s generalization 
ability when confronted with varying strawberry shapes. In comparison to the original 
model, the CR-YOLOv9 model introduced in this study shows enhancements in accuracy 
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by 4.2%, recall rate by 5.07%, mAP@50% by 3.34%, mAP@50:95% by 16.64%, and F1 value 
by 4.65%. Notably, the detection speed remains at 84, meeting the real-time detection re-
quirements and facilitating improved strawberry maturity detection in greenhouse set-
tings. 

3.5. Comparison of Mainstream Algorithms 
The CR-YOLOv9 model, alongside the original YOLOv9 model [47] and two main-

stream target detection models, SSD [48] and CornerNet [49], underwent training and ver-
ification in a consistent experimental environment. The analysis of the detection results 
across different models is illustrated in Figure 18, with precision, recall, mAP50%, 
mAP50:95%, F1 Score%, and FPS serving as key performance indicators. The experimental 
findings, detailed in Table 3, demonstrate that the CR-YOLOv9 model outperforms the 
other three mainstream models in terms of the detection accuracy and speed. 

 
Figure 18. Comparison of detection results of different models. 
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Table 3. Comparison of experimental results. 

Model 
Precision 𝑷/% 

Recall 𝑹/% 
Mean Average 

Precision mAP@50/% 
Mean Average Precision 

mAP@50:95/% 
𝑭1 

Score/% 
Frames per Second 

FPS/(Frame·s−1) 
CR-YOLOv9 97.52 95.34 97.95 85.46 96.42 84 

YOLOv9 93.32 90.27 94.61 68.82 91.77 78 
SSD 87.77 82.73 88.13 55.16 85.17 94 

CornerNet 80.97 74.27 81.56 47.72 77.48 92 

Table 3 illustrates that SSD and CornerNet exhibit poor detection effects, whereas 
YOLOv9 and CR-YOLOv9 demonstrate better performances. Specifically, CR-YOLOv9 
achieves an average precision that is 4.2%, 9.75%, and 16.55% higher than YOLOv9, SSD, 
and CornerNet, respectively. Furthermore, its recall rate surpasses CornerNet by 21.07% 
and YOLOv9 by 5.07%. In terms of FPS, CR-YOLOv9 shows a reduction of 10 and 8 frames 
compared to SSD and CornerNet, respectively. These results suggest that CR-YOLOv9 
effectively enhances real-time detection accuracy without imposing a significant compu-
tational burden, making it suitable for practical area scene detection. 

4. Conclusions 
This study focuses on addressing the challenges associated with detecting strawberry 

ripeness in a greenhouse environment. Based on the latest model, YOLOv9, of the YOLO 
family, a CR-YOLOv9 multi-stage algorithm is introduced for strawberry fruit maturity 
detection. This algorithm aims to improve strawberry picking efficiency and reduce man-
ual labor compared to traditional production methods, while also addressing issues such 
as high costs and suboptimal picking times. 

1. Conducting a comprehensive collection of multi-stage strawberry maturity image 
datasets in a controlled greenhouse setting is essential to guarantee the accuracy and cred-
ibility of the experimental data. 

2. The composite thinning network CRNet is introduced, which utilizes multi-branch 
blocks for target fusion to restore high-frequency details in the image and enhance overall 
image quality. The design concept of CGA is incorporated to align input feature grouping 
with the number of attention heads, providing distinct segmentations of complete features 
for each attention head. This approach explicitly decomposes attention calculations across 
the heads. Additionally, a hybrid operator, ACmix, is proposed to reduce computational 
complexity and enhance image quality by efficiently sharing self-attention and convolu-
tion modules. The introduction of the Inner-IoU concept, combined with Shape-IoU 
(shape intersection over union), replaces the original loss function. This modification di-
rects the model to focus more on recognizing overlapping detection frames, thereby im-
proving the accuracy of detecting small targets in various scenarios. 

3. A plethora of ablation experiments and comparative results demonstrates that CR-
YOLOv9 significantly enhances the accuracy of multi-stage strawberry ripeness detection 
while maintaining a relatively fast detection speed. The precision rate, recall rate, and av-
erage precision of CR-YOLOv9 achieved 93.32%, 90.27%, and 94.61%, respectively, mark-
ing an improvement of 4.2%, 5.07%, and 3.34%, respectively, compared to the original 
YOLOv9 model. 

The next step is to enhance the accuracy of multi-stage strawberry maturity using 
multi-modal methods, deploy lightweight edge devices, establish a comprehensive man-
agement and traceability system ranging from planting source to market sales, improve 
the organization and management of the strawberry industry, and achieve green and sus-
tainable developments in agriculture and the food industry. This will promote a virtuous 
cycle of economy and society. 
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