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Abstract: In order to achieve accurate and rapid identification of red raspberry fruits
in the complex environments of fields and greenhouses, this study proposes a new red
raspberry maturity detection model based on YOLOv1ln. First, the proposed hybrid
attention mechanism HCSA (halo attention with channel and spatial attention modules) is
embedded in the neck of the YOLOv11n network. This mechanism integrates halo, channel,
and spatial attention to enhance feature extraction and representation in fruit detection
and improve attention to spatial and channel information. Secondly, dilation-wise residual
(DWR) is fused with the C3k2 module of the network and applied to the entire network
structure to enhance feature extraction, multi-scale perception, and computational efficiency
in red raspberry detection. Concurrently, the DWR module optimizes the learning process
through residual connections, thereby enhancing the accuracy and real-time performance
of the model. Finally, a lightweight and efficient dynamic upsampling module (DySample)
is introduced between the backbone and neck of the network. This module enhances the
network’s multi-scale feature extraction capabilities, reduces the interference of background
noise, improves the recognition of structural details, and optimizes the spatial resolution of
the image through the dynamic sampling mechanism. Reducing network parameters helps
the model better capture the maturity characteristics of red raspberry fruits. Experiments
were conducted on a custom-built 3167-image dataset of red raspberries, and the results
demonstrated that the enhanced YOLOv11n model attained a precision of 0.922, mAP@0.5
of 0.925, and mAP@0.5 of 0.943, respectively, representing improvements of 0.7%, 4.4%,
and 4.4%, respectively. At 3.4%, mAP@0.5-0.95 was 0.798, which was 2.0%, 9.8% and 3.7%
higher than the original YOLOv11n model, respectively. The mAP@0.5 of unripe and ripe
berries was 0.925 and 0.943, which was improved by 0.7% and 4.4%, respectively. The
F1-score was enhanced to 0.89, while the computational complexity of the model was
only 8.2 GFLOPs, thereby achieving a favorable balance between accuracy and efficiency.
This research provides new technical support for precision agriculture and intelligent
robotic harvesting.

Keywords: red raspberries; ripeness detection; YOLOv11n; smart agriculture; hybrid
attention mechanism
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1. Introduction

Accurate detection of red raspberry maturity is crucial for timely harvesting and en-
suring quality in agriculture. Traditional methods, relying on features like color histograms
and shape descriptors, struggle with low robustness and accuracy in complex environments
with lighting variations, background interference, and occlusion [1]. In recent years, deep
learning, particularly convolutional neural networks (CNNs), has dramatically improved
maturity detection, enhancing accuracy and stability [2]. Early research focused on image
processing and computer vision techniques. For instance, Kienzle et al. (2012) utilized
principal component and cluster analysis to analyze mango maturity [1]. Mohammadi
et al. (2015) attained 0.9024 accuracy in persimmon maturity detection with LDA and QDA
classifiers [2]. Khoshnam et al. (2016) employed acoustic testing to assess melon maturity,
demonstrating that frequency changes indicate maturation [3]. Furthermore, Namdari
Gharaghani et al. (2020) utilized finite element modal analysis to detect orange maturity,
achieving over 0.91 consistency with experimental data [4]. Wakchaure et al. (2024) devel-
oped an image processing-based prototype for plantain maturity detection, automating
manual classification [5], while Kumar Saha et al. (2024) estimated tomato maturity using
dual-wavelength LiDAR data, achieving spatially resolved maturity classification [6].

The advent of deep learning, most notably convolutional neural networks (CNNs), has
precipitated a paradigm shift in the domain of fruit maturity detection. A comprehensive
review of fruit classification, maturity detection, and grading methodologies was conducted
by Reshm and Sreekumar (2018) [7]. Subsequently, Surya Kiran and Niranjana (2019)
provided a synopsis of the advancements in various maturity detection technologies [8].
Pardede et al. (2021) enhanced the efficiency of maturity classification by integrating
VGGL16 transfer learning with multi-layer perceptron (MLP) blocks [9]. Momeny et al.
(2022) integrated a deep CNN with Bayesian optimization to enhance the robustness of
detecting orange and black spot diseases and maturity [10]. Chen et al. (2022) proposed a
method combining visual saliency maps and CNNSs for citrus fruit maturity detection [11].
Azadnia et al. (2023) used the Inception-V3 model to detect high-precision hawthorn
fruit maturity through machine vision and deep learning [12]. In another study, Olisah
et al. (2024) addressed the challenge of inconspicuous features in Blackberry maturity
detection by employing a multi-input CNN ensemble and optimizing the VGG16 model to
enhance accuracy [13]. In a related study, Astuti et al. (2019) applied the K-nearest neighbor
algorithm and image acquisition for oil palm fruit maturity detection [14]. Zhao and Chen
(2021) utilized color information and an SVM model for wolfberry maturity detection [15].
Similarly, Kumar et al. (2022) developed a non-destructive tomato maturity model using
reflectance data and chemometric analysis [16].

In recent years, YOLO (You Only Look Once) models have become increasingly preva-
lent in fruit maturity detection, owing to their efficiency and accuracy. Bonora et al. (2021)
employed a YOLO-based convolutional neural network (CNN) to detect maturity and
physiological disorders in “Abbé Fétel” pears, yielding favorable classification results [17].
Li et al. (2022) developed a real-time sweet cherry maturity detection algorithm using
YOLOX, improving accuracy in complex environments [18]. Xiao et al. (2023) introduced
a lightweight method for blueberry maturity detection based on an enhanced YOLOv5n
algorithm, incorporating ShuffleNet and CBAM modules for better feature fusion and high
recall [19]. Xu et al. (2023) proposed the YOLO Jujube method for detecting jujube fruit
maturity in natural environments [20]. In addition, Xia Hongmei et al. (2021) utilized a
Faster R-CNN model with an attention mechanism and multi-scale fusion to detect hydro-
ponically grown broccoli buds with 0.965 accuracy [21]. Xingxu Li et al. (2023) designed a
cascaded visual inspection system that improved cherry tomato picking efficiency through
target detection and feature discrimination [22]. Fengjun Chen et al. (2024) enhanced
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YOLOV? to address occlusion in oil tea trees, boosting mAP to 0.946 [23]. Similarly, Ligang
Wu et al. (2024) proposed YOLOvV8-ABW, a system that integrates AIFI and Bi FPN to
enhance the efficiency of yellow flower maturity detection [24]. Xu Tingting et al. (2024)
introduced YOLO v7-RA, a system that combines ELAN_R3 and hybrid attention mech-
anisms to detect the maturity of dragon fruit [25]. Youwen Tian et al. (2024) optimized
blueberry maturity detection with the MSC-YOLOv8 model, incorporating MobileNetV3
and CBAM modules [26]. Xuesong Jiang et al. (2024) reviewed profound learning advance-
ments in non-destructive forest fruit quality detection [27]. Liu Zhigang et al. developed
a machine vision-based method for apple maturity detection using an RGB model for
high accuracy [28]. Runchi Zhang et al. (2024) enhanced YOLOVS for tomato counting,
achieving 0.938 accuracy [29]. Li Ying et al. (2024) proposed the YOLOv8s model for
citrus fruit maturity, improving mAP with an adaptive fusion head [30]. Using multi-scale
feature fusion, Liu et al. (2024) optimized YOLOv5ns for apple maturity detection [31].
Sun et al. (2024) introduced a lightweight YOLO-FHLD method for date maturity detection,
improving accuracy and model expressiveness [32]. Jing et al. (2024) proposed YOLO-
IA for peaches, achieving high-precision detection with a progressive feature pyramid
network [33]. Zhu et al. (2024) used YOLO-LM to reduce camellia fruit occlusion with
Criss-Cross Attention [34]. Ye et al. (2024) introduced CR-YOLOV9 for strawberry maturity
detection, optimizing network design for efficiency [35]. Zhai et al. (2024) proposed an
attention mechanism and bidirectional feature pyramid network for blueberry maturity
detection, achieving 0.888 accuracy and 0.882 recall [36].

The findings of the aforementioned study demonstrate the efficacy of the deep learning
model in recognizing the ripeness of various fruits. In the case of red raspberries, for
instance, the fruits were arranged in clusters and spaced extensively in both greenhouse
and outdoor field environments. The light in the greenhouse is more uniform, and there is
less shade between the fruits. However, water vapor or haze may compromise the clarity of
the fruits and branches due to the enclosed environment and higher humidity. Conversely,
outdoor field environments are subject to light, wind, and temperature variations, and red
raspberries frequently experience shading and overlap, which hinders accurate detection.
While the deep learning model offers robust detection capability, its practical application is
constrained by the device’s computational capacity, preventing optimal real-time detection.
This study proposes an enhanced version of a lightweight YOLO v11n red raspberry
ripeness detection model to address these limitations. The model’s primary strengths are its
high accuracy, robustness, and computational efficiency. The specific strategies employed
to achieve these objectives are as follows:

(1) The HCSA attention mechanism: The HCSA module proposed in this study effec-
tively combines halo attention, channel attention, and spatial attention, thereby enhancing
the model’s capacity to extract and represent features, particularly in recognizing spatial
information and detailed features and demonstrating significant ad-vantages.

(2) The second component is the extended residual module (DWR), which enhances
the feature extraction ability and multi-pixel perception accuracy while im-proving com-
putational efficiency. The model’s learning process is optimized by introducing residual
connectivity to enhance its accuracy and real-time performance.

(3) The lightweight dynamic upsampling module (DySample) is integrated into the
network’s backbone and neck, thereby enhancing the extraction capability of multi scale
feature maps, reducing background noise with optimized spatial resolution, and improving
the performance of detail changes.
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2. Materials and Methods
2.1. The Dataset
2.1.1. Image Acquisition

The red raspberry image data utilized in this study were collected from the Goodberry
Plantation, situated at No. 1 Xinhui Road, Chenggong District, Kunming City, Yunnan
Province, China, which is managed by Dianong Group - Yunnan Goodberry Biotechnology
Co., Ltd. To ensure the quality and representativeness of the data, the collection encom-
passed both greenhouse and outdoor environments and was conducted on both sunny and
cloudy days. All images had a resolution of 3072 x 4090 pixels and were in JPG format.
During the collection process, red raspberry fruits were divided into two categories based
on their maturity: ripe and unripe, as shown in Figure 1. Unripe red raspberry fruits are
green or light yellow, have a smooth and hard surface, lack noticeable color changes, have
a sour taste, and are unsuitable for consumption. At this stage, the fruit is not yet fully
expanded and has a low sugar and high moisture content, making it difficult to identify
due to its strong light reflection and background interference. Ripe red raspberries are
bright red, smooth and shiny, soft, and have accumulated sufficient sugar and moisture to
be sweet. The fruit is loose at this time and often falls off quickly, but it has more apparent
characteristics, making it easy to identify and pick accurately. The physical size of red
raspberries ranges from 20 to 45 mm in diameter, corresponding to image sizes of 200 to
450 pixels after calibration. Fruits with a diameter of fewer than 15 pixels (i.e., a physical
size of less than 1.5 mm) are defined as small targets, typically appearing when the fruit is
covered or the shooting distance is far away.

(a) Mature (b) Immature

Figure 1. Ripening morphology of red raspberries in greenhouse greenhouses and outdoor fields.
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As demonstrated in Figure 2, the process of detecting red raspberry fruits is hindered
by several factors, including fruit overlap, occlusion, light variation, and complex back-
grounds. Firstly, fruit overlap complicates the task of distinguishing individual fruits,
particularly in areas where they are densely populated. This issue is further compounded
by occlusion caused by branches and leaves, which impedes the visual system’s ability
to discern the individual fruits. Secondly, uneven lighting can cause changes in the ap-
pearance of the fruit, which can affect the recognition of color and detail, especially when
immature red raspberries are close to the background color, which makes recognition more
difficult. Thirdly, background complexity is also a key factor. A complex background
contains many distracting objects, such as branches, leaves, soil, or other objects, which
may confuse the fruit and affect the detection accuracy. Light uniformity is another in-
fluencing factor. The presence of uneven lighting can result in certain areas becoming
overexposed or underexposed, thereby leading to the loss of fruit details and further
reducing detection performance.

(b) ranches oclus_on

<

(c) Leaf interference (d) Uneven illumination

Figure 2. Red raspberry images from different scenes.

2.1.2. Production of Datasets

This study meticulously annotated the dataset by employing the Roboflow online
platform. A .txt file was generated using manual annotation, encompassing the bounding
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box coordinates and category labels of the red raspberry fruits. The dataset comprised a
total of 1022 original images. Following a series of pre-processing steps, including automatic
orientation and resizing, and data enhancement methods such as flipping, scaling, panning,
rotating, and saturation adjustment, the images were randomly combined to expand the
sample set to 3167 images. The resulting dataset encompasses a diverse range of natural
environments and is designed to accommodate complex scenes, such as fruit occlusions
and changes in lighting.

The dataset was then divided into a training set of 2535 images, a validation set of
316 images, and a test set of 316 images in an 8:1:1 ratio. This division ensures the adequacy
of the training data, while the independent validation and test set effectively test the
model’s generalization ability and reduce the risk of overfitting.

2.2. The Improved YOLOv11n Network Model
2.2.1. The YOLOv11n Network Architecture

YOLOv11n is an optimized version of the YOLO series, designed for real-time object
detection to improve efficiency and accuracy [37]. Its architecture consists of an input layer,
a backbone network, a neck network, and a head network. The backbone network uses
the C3k2 module, an efficient cross-stage bottleneck structure. Compared to YOLOVS, the
C3k2 module significantly reduces the amount of computation and speeds up processing
by using smaller convolutional kernels. In the neck network, the C3k2 module replaces the
C2f module in YOLOVS, improving the efficiency of feature fusion.

YOLOv11n also introduces fast spatial pyramid pooling (SPPF) and cross-stage partial
with spatial attention (C2PSA) modules to further improve feature extraction capabilities.
These modules enable the model to focus more effectively on key regions in the image,
especially in the presence of multiple scales and complex backgrounds, further improving
recognition accuracy. The C2PSA module helps the model focus more accurately on key
regions by introducing a spatial attention mechanism that improves the detection of small
and occluded objects.

The head network refines and optimizes the feature map through multiple C3k2 mod-
ules and Convolutional Batch Normalization-SiLU (CBS) modules to improve accuracy
while maintaining fast detection speed. Combining these designs, YOLOv11n improves de-
tection efficiency and provides a more accurate object detection solution while maintaining
high efficiency.

Despite its outstanding efficiency, the detection accuracy of YOLOv11n is still affected
to some extent when faced with overlapping fruits, branches, leaves, uneven lighting, and
complex backgrounds. To solve these problems, we propose the following improvements:
the HCSA attention mechanism improves the model’s attention to spatial information
and detailed features by fusing halo, channel, and spatial attention; the dilation-wise
residual (DWR) [38] enhances feature extraction capabilities and improves pixel perception
accuracy and computational efficiency; the dynamic upsampling module (DySample) [39]
optimizes multi-scale feature extraction, improves spatial resolution, reduces background
noise interference and enhances the ability to detect details. The improved YOLOv1ln
network structure is shown in Figure 3.
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Figure 3. Improved YOLOv11n network structure diagram.

2.2.2. The Hybrid Attention Mechanism

In the context of red raspberry maturity detection, uneven lighting has been identified
as a pivotal factor influencing the accuracy of the detection process. The possibility of
lighting variations persists in the confines of a greenhouse environment, where lighting
conditions may be relatively uniform. Conversely, in outdoor fields, lighting conditions
are subject to more significant fluctuations, resulting in the alternation of intense light and
shadows, which can hinder the precise recognition of the fruit. Enhancing the focus on local
details by halo attention enables YOLOv11n to cope with lighting changes and capture
fruit characteristics accurately and effectively. Furthermore, halo attention [40] assists the
model in separating the target from overlapping fruits by strengthening the focus on local
regions. The efficacy of halo attention in enhancing the accuracy of fruit recognition, even
in areas with blurred details or low contrast, is noteworthy.

The following section will provide a detailed overview of the function of halo atten-
tion, which enhances the model’s capacity to capture long-distance dependencies through
relative positional encoding. The correlation between the query (Q) and the key (K) is calcu-
lated by the dot product and combined with the relative positional encoding (RelPos(Q, K))
to obtain the attention matrix:

_ QT

A=

+ RelPos(Q, K) (1)
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where d is the dimension of the query and key, KT is the transpose of the key matrix,
and RelPos(Q,K) denotes relative position encoding. The attention score is normalized
by softmax:

Asoftmax = softmax(A) (2)

Finally, the weights and values (V) are weighted to obtain the output:
0= Asoftmaxv @3)

Channel attention enhances the importance of feature channels by calculating the
attention weight of each channel. First, the input feature map calculates channel statistics
using global average pooling (Zsv¢) and max pooling (Zax):

Zavg = AvgP00l(X), Zmax = MaxPool (X) )

These channel features are then used to learn channel attention weights through a
shared multi-layer perceptron (MLP):

Ze = 0(Wa - ReLU(W - [Zavg; Zimax] o)

Wi and W, are the weights of the MLP, and ¢ is the sigmoid activation function. Finally,
channel attention is applied to the input feature map:

X, =X X Z¢ (6)

Background leaf interference is a prevalent issue in field and greenhouse environments,
where leaves and weeds in the background are analogous in color to red raspberry fruits,
resulting in interference. The channel attention mechanism of HCSA intelligently adjusts
attention to different channels, prioritizes feature channels related to fruits, and reduces the
interference of the background to ensure the accurate recognition of red raspberry fruits.
The specific steps involved are as follows: firstly, the spatial attention mechanism improves
the response to key regions by focusing on the spatial dimension of the image; secondly,
the spatial features are computed by average pooling and maximum pooling of the input
feature map in the channel dimension:

Zapg = Mean(X,dim = 1) (7)

Zmax = Max(X,dim = 1) ®)

These spatial features are then passed through a convolutional layer to generate a
spatial attention map:
Zs = 0(Conv2D([Zavg; Zmax]) 9)

HCSA combines the three attention mechanisms mentioned above to strengthen the
feature extraction capability by complementing each other. Its final output is a fusion of the
outputs of halo attention, channel attention and spatial attention:

Xs = X x Zs (10)

The HCSA combines the three aforementioned attention mechanisms to enhance the
feature extraction capability by complementing each other. The final output of the HCSA is
a fusion of the outputs of halo attention, channel attention and spatial attention:

Xpyacp = Halo - Channel - Spatial (11)
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The HCSA's design incorporates multiple attention mechanisms, enabling it to capture
global and local contextual information and enhance the feature representation ability in
image tasks. In the fruit ripeness target detection task context, the HCSA can recognize
key information more accurately. This performance enhancement indicates the model’s
proficiency in capturing long-distance dependencies and focusing attention on key channels
and spatial regions. Consequently, this integration of attentional mechanisms signifies
the HCSA's efficacy in various visual tasks. The specific structure of The HCSA hybrid
attention module is shown in Figure 4.
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Figure 4. The HCSA hybrid attention module.

2.2.3. The Dilation-Wise Residual

The dilation-wise residual (DWR) module aims to effectively capture multi-scale
contextual information through multi-rate dilated convolutions while maintaining low
computational complexity [38], Its structure is shown in Figure 5. In red raspberry ripeness
detection, the C3k2_DWR module, as part of YOLOv1ln, combines the dilation-wise
residual(DWR) and CSP bottleneck structure to improve feature extraction and multi-scale
perception significantly. The DWR module efficiently captures features at different scales
by introducing dilated convolutions of different sizes (d =1, d = 3, d = 5), especially in the
case of fruit size variation or partial occlusion, which substantially improves the detection
accuracy. The introduction of residual connection optimizes the information flow, improves
the training efficiency, and effectively avoids the gradient vanishing problem.
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Figure 5. The dilation-wise residual module.

The C3k2_DWR module enhances computational efficiency by combining multiple
convolution operations and reducing the number of channels using 1 x 1 convolution,
ensuring efficient real-time detection. Meanwhile, optimizing the C3k module enhances
the feature extraction capability, enabling the C3k2_DWR module to accurately identify
red raspberries’ maturity in complex environments. The following are the specific steps.

The dilated residual module mainly includes three key steps: basic convolution, multi-
rate dilated convolution, and residual fusion. First, the input feature map is convolved to
reduce the channel dimension to half of the original:

Fhuse = Cn0773><3(X) (12)

Apply dilation convolution with three different dilation rates dy, d3 and ds to Fy,g, for
multi-scale feature extraction respectively:

Fdl = DC?‘lO”Ugj% (Fbuse) (13)
Fi3 = DCnov3 3 (Fpase) (14)
Fg5 = DCnov3 3 (Fpase) (15)

The above multi-scale feature maps are spliced according to the channel dimension:
Feoncat = Concatsyx3(Fy1, Fa3, Fus) (16)
The final fused features are generated by convolving the concatenated features:

Feoncat = Concatyyq (Fconcat) (17)
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Finally, the original input feature X and the fused feature Fy,;,,, are added element by
element via a residual connection to form the final output:

Poutput = Ffusion + X (18)

2.2.4. Dynamic Sampling

DySample is a dynamic upsampling module that was developed to be highly efficient
and lightweight, and its structure is shown in Figure 6. It has been shown to generate
sampling offsets to achieve accurate feature reconstruction, thereby significantly improving
the ability to process multi-resolution features [39]. In detecting red raspberry maturity,
DySample has been demonstrated to improve the model’s spatial resolution and detail
capture ability through dynamic upsampling and multi-pixel feature extraction. This has
allowed the model to more effectively deal with size changes, occlusions, and uneven
lighting. The enhanced resolution enabled by DySample facilitates the precise identifica-
tion of maturity characteristics in red raspberries, particularly in complex environments,
thereby effectively mitigating interference and enhancing the detection accuracy of fruits of
varying sizes.

. !

&) X e Sampling Point Generator
Sampling Set
Grld Sample <
sH g
l sW
sW
sH X 4 C

Figure 6. Dynamic sampling structure diagram. In the figure, the DySample module achieves
dynamic upsampling through offset generation and grid sampling, where X is the input feature
map (consistent with X in Equation (21)); O’ is the offset tensor constrained by the scaling factor
. GgridGgrid is the standard sampling grid coordinate; S is generated by superimposing O’ with
GgridGgrid; grid_samplegrid_sample is the interpolation operation for upsampling the input feature
map X. generated by superimposing O’ with GgridGgrid; grid_samplegrid_sample is an interpolation
operation for upsampling the input feature map X.

Additionally, the module’s multi-pixel sampling contributes to the model’s robustness
in diverse environments, further improving the accuracy of maturity detection. The core
operational steps of DySample encompass the generation of offsets, the calculation of
dynamic sampling points, and grid sampling. Initially, the offset is generated using
convolution and is then combined with the initial sampling point position init_pos and the
scaling factor « in order to constrain the offset range:

O' = O -« + init_pos (19)

Conv: Convolution layer generating raw offsets. a: Scaling factor to constrain offset
magnitude.
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Subsequently, the offset O’ is applied to the standard grid G-grid to generate the
dynamic sampling points S:
S=G+0 (20)

G: Base grid coordinates.
Finally, the grid_sample operation is used to interpolate and sample the input feature X
to obtain the upsampled feature map:

X' = grid_sample(X, S) (21)

X: Input feature map (consistent with Figure 6); S: Dynamic sampling points derived
from offset O and grid GgridGgrid; grid _sample: Bilinear interpolation function for feature
reconstruction.

DySample supports channel grouping sampling and further improves flexibility by
independently generating offsets for each group of channels. Its two upsampling modes
adapt to the needs of different scenarios. DySample is designed without high-resolution
guide features or complex CUDA implementations, significantly reducing computational
complexity while maintaining excellent performance.

2.3. Experimental Environment Configuration and Network Parameter Settings

This study proposes an enhanced YOLOv11 model, based on the Ultralytics YOLO
framework, for the intelligent detection of red raspberry maturity. The experimental
environment has been constructed on the Windows 11 operating system, and the hardware
configuration consists of a Lenovo 2024 version Y9000P laptop computer, which is equipped
with an Intel® Core™ i7-12700H processor and an NVIDIA GeForce RTX 4060 graphics
card. The development environment utilizes PyCharm 2023, which is based on the PyTorch
3.8 deep learning framework, for model training and evaluation. To ensure the input
requirements of the YOLOv1ln model are met, all images are uniformly adjusted to
640 x 640 pixels. During the training process, a single NVIDIA GeForce RTX 4060 graphics
card is employed, and CUDA acceleration is utilized to enhance the efficiency of the
training process.

The batch size was set to 16, the number of training rounds to 500, the initial learning
rate to 0.001, the optimizer to Adam, the momentum to 0.9, and the weight decay to
0.0001. To ensure the fairness of the experiment, all comparative models used the same
hyperparameter configuration. An early stopping mechanism was introduced to prevent
the model from being overfitted, with a patience value of 1000 epochs and a monitoring
and verification of the change in loss. If there is no improvement in the validation loss
for 1000 consecutive epochs, the training is terminated early. The dataset and model
configuration file are loaded via a local path to ensure the stability and efficiency of the
data flow.

2.4. Evaluation Indicators

This study uses GFLOPs, precision, mAP0.5, mAP0.5-95, mAPO0.5 for unripe tar-
gets, mAPO0.5 for ripe targets, and Fl-score as evaluation metrics. GFLOPs quantify the
lightweight degree of the model; a smaller model size indicates that the model is more
efficient and suitable for practical deployment. Precision reflects the proportion of de-
tected targets that are positive examples. In contrast, the average precision (mAP0.5 and
mAP0.5-95) measures the overall detection performance of the model at different IoU
thresholds, where mAP0.5 The former represents the average precision at an IoU threshold
of 0.5. In contrast, the latter represents the average precision at IoU thresholds from 0.5 to
0.95 (in steps of 0.05). The mAPO0.5 for unripe targets and mAPQ.5 for ripe targets evaluate
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the detection accuracy of the model on unripe and ripe fruit targets, respectively. The
F1-score is a comprehensive metric for evaluating the equilibrium between precision and
recall, with a higher Fl1-score denoting enhanced detection accuracy and coverage. The
definitions and formulas pertinent to these metrics are outlined below:

TP
P= TP+ FP 22)
TP
R= TP+ FN (23)
1
AP = / P(r)dr (24)
0
mAP = £y 7, AP, (25)
2xPxR
F1 — Score = m (26)

Among them, TP, FP and FN respectively, indicate true positives, false positives and
false negatives. mAP indicates the average precision of all target categories, which is the
average precision of mAP0.5 intersection over union threshold of 0.5, mAP0.5-0.95 is the
average value calculated within the interval of IOU threshold from 0.5 to 0.95. F1 is used to
comprehensively measure the balance between precision and recall, and is the harmonic
mean of the two.

3. Results and Analyses
3.1. Results and Analysis of the Ablation Experiment

In the red raspberry maturity detection task, the independent contributions and
synergistic effects of the three modules, HCSA, DWR, and DySample, were evaluated
through ablation experiments. In order to ensure the stability of the experimental results,
three independent experiments were performed on the performance of each model, and the
average and standard deviation of each experiment were calculated. The HCSA module
has been found to enhance the ability to focus on key features of the fruit through halo
convolution and channel-space attention mechanisms, especially in feature extraction in
complex backgrounds.

Table 1 shows the results of the ablation experiment for different module configura-
tions. The results, calculated from three independent experiments, show that the HCSA
module, when used alone, has a precision of 0.935 and a mAP@0.5 of 0.928, and the stan-
dard deviation is slight (standard deviation < 0.01) in different experiments, showing the
stability and high efficiency of the module. The Fl-score of the HCSA module is 0.883,
indicating balanced performance in identifying unripe and ripe red raspberries. Further-
more, the HCSA module has been shown to enhance the response strength of key regions
when dealing with overlapping fruit areas, thereby verifying its exceptional performance
in complex backgrounds.

In the context of the DWR module, while it does not match the DySample module’s
proficiency in small target detection (mAP0.5-95 = 0.762), DWR demonstrates a reduction
in calculation while preserving a high mAP@0.5 (0.905) through multi-scale dilated convo-
lution, in scenarios where standard deviations are minimal (i.e., standard deviation < 0.02),
the DWR module’s superiority in optimizing global feature distribution becomes more pro-
nounced, leading to substantial enhancement in performance, particularly in the detection
of diverse fruits.
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Table 1. Results of the ablation experiment.

HCSA DWR

DySample p mAP0.5 mAP0.5-95 Immature mAP0.5 Mature mAP0.5 F1-Score

x N

X X

Ux QA X A x

ENENE NN

0.935 0.928 0.792 0.919 0.936 0.883
0.912 0.905 0.762 0.877 0.934 0.871
0.896 0.930 0.799 0917 0.945 0.888
0.883 0.931 0.795 0.928 0.934 0.89
0.902 0.928 0.800 0.922 0.933 0.865
0.928 0.923 0.791 0.913 0.932 0.888
0.922 0.934 0.798 0.925 0.943 0.890

The DySample module, with its dynamic upsampling mechanism, demonstrated
particular efficacy in detecting small objects, achieving a mAP0.5-95 of 0.799 and a mAP0.5
of 0.945, indicating its effectiveness in detecting ripe fruit. The DySample module enhances
spatial resolution by 2.3 fold through adaptive sampling offset generation technology, en-
abling the model to maintain high-performance stability in high-interference environments.

In further module combination analysis, when HCSA and DWR are combined,
mAP@0.5 improves to 0.931, which is 0.3 percentage points higher than the best value
of HCSA alone, showing good complementarity. The whole combination of the three
modules (HCSA + DWR + DySample) ultimately achieved the best performance, with
a precision of 0.922, mAP@0.5 of 0.934, mAP0.5-95 of 0.798, and F1-score of 0.890, all of
which demonstrate the synergistic effect between the modules.

To verify the stability and statistical significance of the experimental results, we per-
formed t-tests on the experimental results of each module configuration. The experimental
results show that the performance differences between each module configuration are
statistically significant (p-value < 0.05), proving that the combination of modules signifi-
cantly improves model performance. Finally, this combined architecture forms a complete
closed-loop for feature processing: The HCSA provides high-confidence region localiza-
tion, the DWR ensures the integrity of feature transmission, and the DySample completes
fine-grained reconstruction. In an orchard environment with complex factors such as leaf oc-
clusion and reflective interference, the model’s overall detection accuracy (mAP@0.5 > 0.92)
has met the technical requirements of commercial harvesting systems. Its modular de-
sign shows cross-species generalization potential and provides an extensible technical
framework for agricultural visual inspection.

3.2. Compare the Results of the Experiment with the Visual Analysis

This study conducted a multi-dimensional performance evaluation of YOLOv3n,
YOLOv5n, YOLOv6n, YOLOvV9c, YOLOv10n, YOLOv11n, and our proposed improved
model. As demonstrated in Table 2 and Figure 7, a visual comparative analysis reveals
significant disparities among the models when confronted with complex scenarios, such as
overlapping fruits, leaf occlusions, background interference, and uneven lighting.

Table 2. Comparison of the results of different test models.

Model

GFLOPs

p mAP0.5 mAP0.5-0.95 Immature-mAP0.5 Mature-mAP0.5 F1-Score

YOLOvV3n
YOLOvV5n
YOLOv6n
YOLOvV9c
YOLOv10n
YOLOV11n
our

262.6
59
11.6
84.1
8.4
6.4
8.2

0.902 0.902 0.761 0.897 0.899 0.899
0.908 0.908 0.729 0.897 0.888 0.902
0.881 0.881 0.740 0.876 0.881 0.878
0.913 0.892 0.776 0.784 0.904 0.810
0.908 0.861 0.764 0.878 0.912 0.884
0.872 0.907 0.774 0.889 0.925 0.868
0.922 0.934 0.798 0.925 0.943 0.890
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Figure 7. Comparison of the detection results of different network models.

The YOLOv3n model demonstrated consistent performance in fundamental scenarios
and effectively handled scenarios with sparse object distributions and minimal background
interference, achieving a mAP@0.5 of 0.902 and an Fl-score of 0.899. However, when
confronted with more complex backgrounds or extremely uneven lighting conditions, the



Agriculture 2025, 15, 881

16 of 24

model’s capacity to identify occluded objects diminished considerably, suggesting that
its ability to model spatial context in complex environments is constrained and that it
struggles to capture object features effectively. YOLOv5n balances speed and accuracy
through an enhanced feature pyramid structure. A comparison with YOLOvV3n reveals
a substantial enhancement in inference speed, with mAP@0.5 increasing to 0.908. The
model demonstrates notable robustness in scenes with moderate to heavy leaf occlusions,
exhibiting a consistent F1-score. However, the detection confidence exhibits substantial
fluctuations in scenes with significant lighting variations, suggesting that the model’s
sensitivity to lighting changes could be further optimized.

In the benchmark test, YOLOv6n demonstrated suboptimal performance, particularly
in scenarios characterized by dense background interference and complex lighting condi-
tions, as evidenced by a mAP@0.5 of 0.881, lower than that of YOLOvb5n. Visual analysis
revealed that YOLOv6n experienced a semantic information loss during the high-level
feature fusion stage. This led to an inadequate response to small occlusions and edge
targets, consequently affecting its detection performance in complex environments.

Conversely, YOLOv9c demonstrated notable efficacy in high-density fruit overlapping
scenes, with an accuracy of 0.913 and mAP@0.5 of 0.892. However, its recall rate was
suboptimal, with an Fl-score of 0.810. This was primarily due to the high confidence
threshold, which suppressed false positives but also led to a substantial increase in the
missed detection rate of small objects. When the visible area of the fruit is small, the model’s
detection ability is limited. YOLOv10n enhances its adaptability to complex environments
through a sparse dynamic convolution strategy, maintaining a stable mAP@0.5 (0.908) in
challenging scenarios. However, when confronted with drastic lighting conditions, its color
space modeling capability is found wanting, resulting in a decline in the F1-score, thereby
highlighting the model’s inadequacy in such complex lighting scenarios. YOLOv1ln
exhibits a balanced overall performance, with a mAP@0.5 of 0.907, though its performance
in complex scenes is marginally inferior to that of other models. The experimental results
demonstrate that the confidence calibration mechanism of this model exhibits bias in
extreme scenes, leading to inadequate detection stability.

In contrast, our enhanced model, which incorporates the HCS attention mechanism,
DWR multi-scale feature fusion, and DySample dynamic sampling technology, maintains
a computational volume of 8.2 GFLOPs while achieving a mAP@0.5 elevation to 0.934,
representing a 2.9% enhancement compared to YOLOv1ln. The model demonstrates
notable advantages in complex scenes characterized by dense occlusions and uneven
lighting. Visualizing results serves to verify the effectiveness of the improved model in
accurately locating overlapping targets and suppressing background noise, thus confirming
the superiority of the module design.

The dynamic curve in Figure 8 demonstrates that the enhanced model exhibits consis-
tent stability and efficiency during the training process, unlike other models that demon-
strate variability or suboptimal performance in complex scenarios. These findings indicate
that the model attains enhanced detection accuracy and adaptability to complex scenarios
through optimized feature extraction, multi-scale feature fusion, and lightweight design.
This provides a technically effective method for intelligent picking in the context of red
raspberry agriculture.
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Figure 8. Comparison of evaluation indicators for different detection models.

In order to undertake a more systematic evaluation of the effectiveness of the model
improvement scheme, we utilize Gradient-weighted Class Activation Mapping (Grad-
CAM) technology to visually compare and analyze the original YOLOv11n model with
the improved YOLOv1lIn. As demonstrated in Figure 9, in the overlapping fruit scene,
the improved YOLOv11n can accurately distinguish and identify the overlapping fruits.
The heat map illustrates that there is more precise target positioning, avoiding blurry or
misidentified targets. For leaf occlusion, the improved YOLOv11n ensures the detection of
occluded fruits through optimized feature extraction and multi-scale feature fusion. The
heat map demonstrates that the region of interest is more extensive, covering partially
occluded targets. When faced with background interference, the improved YOLOv1ln
can effectively reduce the impact of background noise. The heat map demonstrates a clear
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Original
figure

separation of the fruit from the background, enhancing the detection accuracy in complex
background scenes. In an environment with uneven lighting, the improved YOLOv11n can
stably identify the fruit, as shown by the heat map. The heat map also shows a more even
distribution of attention, indicating that the model is more adaptable to changes in lighting.

(a)Overlapped (b)Branches occlusion (c)Leaf interference (d)Uneven illumination

Figure 9. Comparison of the thermal images of the improved YOLOv11n model and the original
model, The more red raspberry fruits wrapped around the highlighted portion of the graph, the
better the detection.

Confusion matrices are utilized to demonstrate the performance of a model in clas-
sification tasks, particularly those involving multiple categories. They facilitate the visu-
alization and comprehension of the model’s performance across diverse categories, with
particular emphasis on misclassification and miss detection, as illustrated in Figure 10.
In this study’s context of the red raspberry ripeness detection task, the enhanced model
exhibits notable advantages in accurately identifying unripe and ripe fruits. An analysis of
the confusion matrix reveals that the enhanced model successfully identifies 407 samples
in the detection of immature fruits, exhibiting a more robust performance in complex
scenarios (e.g., when fruits overlap and the background is interfered with) compared to
the 359 recognition results of the YOLOv11n model. This enhancement can be attributed
primarily to optimizing feature extraction and spatial information processing in the en-
hanced model, which facilitates a more precise capture of the subtle characteristics of
immature fruits. The enhanced model demonstrates noteworthy performance in detecting
ripe fruits, accurately identifying 291 ripe fruits, while the YOLOv11n model recognizes
only 274. This outcome suggests that the enhanced model possesses a superior capacity
for localizing and extracting features of ripe fruits, particularly in identifying fruit color
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gradients and contour alterations with enhanced precision. Moreover, the enhanced model
has achieved substantial progress in misclassification control. When unripe fruits are erro-
neously classified as ripe fruits, the enhanced model exhibits a mere 11 misclassifications,
whereas the YOLOv11n model demonstrates eight misclassifications. While the YOLOv11n
model exhibits a minor edge in processing background categories, the enhanced model
substantially mitigates the confusion between background and fruit by optimizing the
background noise suppression mechanism, enhancing overall detection accuracy. The
enhanced model evinces greater robustness and accuracy in the red raspberry ripeness
detection task. The enhanced model can effectively distinguish fruits of varying maturity
levels in complex orchard environments. The enhanced model provides more reliable
technical support for automated picking systems in real-world application scenarios by
reducing the misclassification rate.

Confusion Matrix Confusion Matrix
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Figure 10. Comparison of the confusion matrix of the improved model with the YOLOv11n model.

4. Discussion

The enhanced YOLOv11n model, as outlined in this study, exhibited notable advan-
tages in the red raspberry ripeness detection task. However, several aspects necessitate
further in-depth discussion.

4.1. Module Synergy and Performance Balance

The detection framework proposed has achieved substantial breakthroughs in multiple
pivotal indicators, particularly in extreme testing scenarios. While maintaining a precision
of 0.922 and a mAP@0.5 of 0.934, it has exhibited a 1.5% and 2.9% enhancement, respectively,
compared to the leading comparative model. Incorporating the HCSA attention mechanism,
dilation-wise residual and dynamic upsampling modules have been demonstrated to
enhance the model’s performance without a substantial decline in the Fl-score (0.890)
while concurrently reducing the false detection rate in complex scenarios. The visualized
heat map illustrates the framework’s ability to accurately identify key morphological
characteristics of red raspberries, including color gradient areas and changes in contour
curvature. Notably, even in scenarios of substantial leaf occlusion, the model maintains
a recognition confidence rating of over 0.87, demonstrating a substantial enhancement
in detection accuracy and robustness within complex environments. Acknowledging the
contributions of prior studies that have optimized the YOLO model is also pertinent. For
instance, Xiao et al. (2023) enhanced YOLOv5n by integrating ShuffleNet and CBAM
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modules, thereby demonstrating a substantial enhancement in feature fusion capability for
blueberry detection [19].

Nevertheless, the model continues encountering difficulties in multi-scale feature
fusion, particularly in complex scenarios. In contrast, Wu et al. (2024) integrated the
AIFI and BiFPN modules into YOLOvVS to enhance the performance of yellow flower
maturity detection, demonstrating superiority in scenes with small object occlusions [24].
Nevertheless, the YOLO model remains unstable in complex environments, such as fruit
occlusions and light changes.

To address these issues, this study’s proposed HCSA attention mechanism signifi-
cantly improves the model’s detection ability in complex scenes by fusing halo attention,
channel attention, and spatial attention, especially in cases of overlapping fruits and signifi-
cant changes in lighting, showing greater robustness. The DySample module effectively
addresses the limitations of the YOLOv9c model in occluded scenes by dynamically ad-
justing the upsampling strategy, enhancing detection accuracy in complex environments.
However, its reliance on high-resolution inputs may incur certain preprocessing costs.
In summary, the collaborative integration of the HCSA, DWR, and DySample modules
enhances the model’s adaptability in complex scenes. The HCSA enhances the ability
to focus on key features of the fruit (e.g., color gradients and edge contours) through a
hybrid attention mechanism. However, its high computational complexity may affect the
real-time performance of low-powered devices. The DWR module optimizes the efficiency
of feature extraction through multi-scale dilated convolutions, but when detecting small
objects, there is still insufficient detail capture. The DySample module effectively reduces
background noise; however, the requirement for high-resolution input may result in high
preprocessing costs.

4.2. Environmental Generalization and Robustness

Compared with the existing YOLOv5n and YOLOv9c models, the enhanced model
has achieved a superior balance between accuracy and computational efficiency. YOLOv9c
exhibits a high miss-detection rate for small objects due to its elevated confidence threshold.
However, by incorporating dynamic sampling technology, the miss-detection rate has been
effectively reduced to 3.2%. However, the model still exhibits misdetections in complex
environments, such as misjudging the background as fruit, which can potentially impact
the operational efficiency of automated picking robots. To further mitigate misjudgments,
future research can explore using near-infrared spectroscopy or depth information to assist
in classification.

The challenges of fruit occlusion and light changes are also relevant here, as they
are also faced in the studies of Chen et al. (2022) [23] and Zhu et al. (2024) [34] on the
optimization of YOLOv7/YOLO-LM in the detection of camellia fruits. Whilst existing
methods have made advances in occlusion processing, the majority still rely on static atten-
tion mechanisms, which renders them less adaptable to light changes. The hybrid attention
mechanism (HCSA) proposed in this study significantly improves the robustness and
adaptability of the model in complex environments with uneven lighting by dynamically
adjusting spatial and channel features. The improved model significantly enhances its
performance in complex agricultural environments by introducing dynamic sampling tech-
niques and the hybrid attention mechanism (HCSA). These innovations not only enhance
the adaptability and robustness of the model but also provide more substantial support for
balancing accuracy and efficiency in future practical applications.
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4.3. Practical Application Challenges

Despite the model’s satisfactory performance in greenhouse and field environments,
further verification is required to ascertain its stability under sudden changes in light (e.g.,
alternating between intense light and shade). Although the experiment encompassed
diverse weather conditions, the model’s generalization capability in these specific environ-
ments remains to be thoroughly evaluated due to the absence of tests involving extreme
weather conditions (e.g., rainy and foggy). It is postulated that light variations may in-
fluence the model’s ability to recognize fruit characteristics, thereby impacting detection
accuracy. Consequently, future research should prioritize enhancing the model’s resilience
to these conditions. Additionally, the impact of dynamic environmental factors, such
as fruit shaking caused by wind or leaf occlusion, on detection accuracy remains to be
elucidated. Wind may induce motion blur of the fruit, while leaf occlusion may result in
partial or complete obstruction, affecting recognition efficacy. Consequently, subsequent
studies may necessitate the validation of the model’s resilience through dynamic scene
simulations or real-world environmental testing. Concerning real-time requirements, the
model’s inference speed must align with the robotic arm’s response speed. However, in
intricate scenarios, the parallel processing of multiple targets might exacerbate the system’s
response delay. This, when coupled with the constraints on the computing capabilities of
edge devices, could potentially diminish the benefits of the dynamic upsampling module.
Consequently, future optimization should prioritize enhancing the algorithm’s efficiency
to better align with the demands of low-power hardware. Concerning cross-species gen-
eralization capability, while the model exhibits a modest detection error for blueberries
and strawberries, these outcomes remain to be validated across diverse datasets. Hence,
subsequent endeavors could involve assessing the model’s performance on alternative
small berry crops through transfer learning or domain adaptation techniques. Furthermore,
the existing dataset is incomplete and lacks coverage of all stages of the fruit growth period
(e.g., transitional maturity states), which may result in the model’s underperformance at
certain maturity stages. To address this limitation, it is recommended that future research
focus on collecting more comprehensive data to enhance the model’s adaptability.

4.4. Future Research Directions

The following research directions are recommended for exploration in future studies:
dynamic weight allocation techniques to adjust module weights based on environmental
complexity; multimodal fusion to optimize 3D spatial localization of fruits by combin-
ing depth camera or LiDAR point cloud data to reduce overlapping misclassification;
and lightweight design to further compress the model parameters through knowledge
distillation or Neural Network Architecture Search (NAS) techniques to improve the com-
putational efficiency and adapt to edge computing devices. Despite the success of the
enhanced model in this study, challenges remain, including environmental dynamics and
hardware adaptability in practical deployment. Future research should consider integrating
multimodal sensing with adaptive optimization strategies to advance intelligent detection
technology in agriculture toward greater practicality and pervasiveness.

5. Conclusions

This study proposes an enhanced lightweight network model, YOLOv11n, for detect-
ing fruit maturity in red raspberries. The model incorporates a hybrid attention mechanism
(HCSA), dilated residual (DWR), and dynamic sampling technology (DySample), building
upon the original YOLOv11n model. This study’s primary conclusions are as follows:

(1) Firstly, experimental findings demonstrate that incorporating the HCSA, DWR,
and DySample modules enhances the model’s feature extraction capacity and robustness,
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particularly in scenarios involving overlapping fruits, background interference, and light-
ing variations. The experimental findings demonstrate that the model’s precision on the
test set attained 0.922, mAP@0.5 reached 0.934, and mAP@0.5-0.95 reached 0.798, repre-
senting enhancements of 2.0%, 9.8%, and 3.7%, respectively, in comparison to the original
YOLOv11n model. This enhancement signifies an advancement in detection accuracy and
the model’s adaptability.

(2) The effectiveness of the enhanced module was validated through a series of abla-
tion experiments, in which the integration of three modules with the original YOLOv11ln
model yielded notable enhancements. The HCSA module facilitated high-confidence re-
gion localization, the DWR module ensured the integrity of feature transmission, and the
DySample module facilitated fine-grained reconstruction. In an orchard environment with
complex factors such as leaf occlusion and reflective interference, the model’s compre-
hensive detection accuracy (mAPO0.5 > 0.92) meets the technical requirements of a robotic
harvesting system. Its modular design also shows cross-species generalization potential,
providing an extensible technical framework for agricultural visual inspection.

(3) Comparative experiments demonstrated that the enhanced YOLOv11n model
exhibited superior performance in red raspberry maturity detection when compared with
mainstream models such as YOLOv3n, YOLOv5n, YOLOv6n, YOLOv9c, and YOLOv1.
The enhanced YOLOv11n model demonstrated a 3.2%, 2.6%, and 9.3% improvement in
mAP@Q.5 and a substantial enhancement in mAP@0.5:0.95 compared to other models.
Integrating a multi-scale attention mechanism, an expanded residual and dynamic sam-
pling technique not only enhances detection accuracy but also significantly reduces the
computational complexity of the model, underscoring its substantial practical application
potential.

In summary, the improved YOLOv11ln model proposed in this study provides an
efficient and lightweight solution for red raspberry maturity detection, especially for
precision agriculture detection in complex environments. The model improves detection
accuracy and real-time performance, providing new technical support for developing
agricultural robot intelligent picking technology.
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