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Abstract: In complex environments, strawberry disease segmentation models face challenges, such
as segmentation difficulties, excessive parameters, and high computational loads, making it difficult
for these models to run effectively on devices with limited computational resources. To address
the need for efficient running on low-power devices while ensuring effective disease segmentation
in complex scenarios, this paper proposes BHI-YOLO, a lightweight instance segmentation model
based on YOLOv8n-seg. First, the Universal Inverted Bottleneck (UIB) module is integrated into the
backbone network and merged with the C2f module to create the C2f_UIB module; this approach
reduces the parameter count while expanding the receptive field. Second, the HS-FPN is introduced
to further reduce the parameter count and enhance the model’s ability to fuse features across different
levels. Finally, by integrating the Inverted Residual Mobile Block (iRMB) with EMA to design the
iRMA, the model is capable of efficiently combining global information to enhance local information.
The experimental results demonstrate that the enhanced instance segmentation model for strawberry
diseases achieved a mean average precision (mAP@50) of 93%. Compared to YOLOVS, which
saw a 2.3% increase in mask mAP, the improved model reduced parameters by 47%, GFLOPs
by 20%, and model size by 44.1%, achieving a relatively excellent lightweight effect. This study
combines lightweight architecture with enhanced feature fusion, making the model more suitable for
deployment on mobile devices, and provides a reference guide for strawberry disease segmentation
applications in agricultural environments.
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1. Introduction

Strawberries originate from Europe and are beloved for their vibrant red color, rich
fruity aroma, and sweet taste. According to statistics from the FAO [1], in 2022, the global
area planted with strawberries was 397,603 hectares, with a production of 9,569,865 tons.
Strawberries are among the most extensively grown fruit species worldwide. However, the
growth of strawberries can be significantly threatened by biotic or abiotic factors, which
pose a great risk to both the productivity and quality of strawberries. One of the most sig-
nificant threats is the presence of various diseases affecting strawberries, such as gray mold,
anthracnose fruit rot, leaf spot disease, etc. Therefore, effective identification and diagnosis
of strawberry diseases are crucial aspects of disease prevention and control in strawberries.
Traditional manual disease detection methods rely on professional technicians. However,
with the rapid expansion of strawberry cultivation areas, the efficiency and real-time nature
of this approach are gradually becoming insufficient to meet demands. In recent years, with
advancements in artificial intelligence technology, especially the significant breakthroughs
in convolutional neural networks [2,3], instance segmentation technology, as an important
innovation that combines the functionalities of object detection and semantic segmentation,
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is gradually making a significant impact in the field of computer vision. This technology
not only accurately identifies and locates multiple similar objects within an image but
also performs detailed analysis and labeling at the pixel level. Instance segmentation
technology has achieved significant advancements in various fields, such as medical image
analysis [4], industrial automation [5], autonomous driving [6], and agricultural disease
control [7-10]. Compared to traditional neural networks, instance segmentation technology
notably enhances the accuracy and efficiency of systems, providing robust support for
precise identification and automated processing in complex scenarios.

Due to advancements in agricultural technology, computer vision is increasingly uti-
lized in both research and practical applications within the agricultural sector. As early
as 1985, in his PhD thesis, Sarkar [11] used computer vision to classify tomatoes based on
size, shape, color, and surface defects. These days, numerous CNNs have found successful
applications in the field of agriculture, such as the one-stage algorithm YOLO [12] series
(YOLOV3 [13], YOLOV5 [14], YOLOV6 [15], YOLOVS, etc.); YOLACT [16]; SSD [17]; and the
two-stage algorithms R-CNN [18], Faster R-CNN [19], Mask R-CNN [20], etc. Specifically,
Jiang et al. [21] utilized an improved SSD model to detect five common apple diseases in
complex scenes, achieving a mAP of 78.80% on the ALDD. This method has lower perfor-
mance in multi-scale disease detection in complex scenes. Sapkota et al. [22] utilized the
YOLOV8 algorithm and geometric shape fitting techniques to accurately measure the size of
unripe green apples. The study demonstrated that the performance using the Azure Kinect
sensor was significantly better than that of the Intel RealSense D435i (Intel, Santa Clara,
CA, USA), showcasing the potential of this technology in orchard management. Fuentes
et al. [23] utilized object detection algorithms to achieve recognition and localization of
tomato diseases. Their proposed model effectively identifies nine different categories of
tomato diseases in challenging scenarios but faces difficulties in meeting lightweight de-
mands. Yao et al. [24] adopted a refined Mask R-CNN to segment and identify diseases
affecting peach plants. They employed focal loss to address sample difficulty and imbalance
issues, thereby improving the recognition rate and segmentation accuracy of peach diseases.
This algorithm has many parameters, which makes it difficult to deploy in resource-limited
environments. Afzaal et al. [25], utilizing enhanced learning strategies derived from the
widely used Mask R-CNN method, conducted instance segmentation of seven types of dis-
eases in strawberries, ultimately achieving an 82.4% mAP. This algorithm also suffers from
a high number of parameters. Huang et al. [26] used YOLACT++ for image segmentation of
northern corn leaf blight, achieving a comprehensive evaluation score of 98.36%. Although
this method has high segmentation performance, its single-scale segmentation approach
makes it challenging to guarantee the same effectiveness for multi-scale disease segmenta-
tion in complex scenes. Kumar et al. [27] proposed an improved YOLOVS5 algorithm for
segmenting different regions of rice leaves using DenseNet-201. They utilized a Bi-FAPN for
feature extraction, achieving a mAP of 82.8% on the rice leaf disease dataset. Lu et al. [28]
proposed a method that combines high-resolution RGB images (2048 x 1536 pixels) and
NIR images, achieving an 87.18% mAP in strawberry defect detection. Tamrakar et al. [29]
proposed a lightweight, improved YOLOv5s-CGhostnet model. By optimizing the network
structure, this method significantly enhances both detection accuracy and efficiency, pro-
viding new insights into the classification of strawberry ripeness. Mi et al. [30] combined
YOLOvV9 with Swin Transformer to develop a complex model for strawberry ripeness detec-
tion, achieving an average accuracy of 87.3%. He et al. [31] proposed an automatic disease
detection method for strawberry leaves based on an improved YOLOv8 model, achieving
an accuracy of 89.7% in identifying diseases on strawberry leaves. Xie et al. [32] proposed
an improved algorithm based on the YOLOv8 model, optimizing the Convolutional Block
Attention Module (CBAM), an ultra-lightweight and effective dynamic upsampler (DySam-
ple), and Omni-Dimensional Dynamic Convolution (ODConv), significantly enhancing the
real-time detection capability of strawberry diseases.

Although the aforementioned methods have shown good results for plant disease
detection, various types of strawberry diseases, along with differences in pathogens and con-
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texts, cause these diseases to exhibit varying sizes and characteristics, leading to multi-scale
issues. When dealing with multi-scale issues of plant diseases in complex environments,
these detection models typically have a high parameter count and large computational
requirements. This results in significantly increased deployment and operational costs,
thereby reducing the efficiency and feasibility of practical applications. This paper fo-
cuses on strawberry disease detection in complex environments, aiming to develop a
deep learning detection model, design a lightweight architecture, and bolster the accuracy
and robustness of disease segmentation. Based on YOLOv8n-seg, this paper introduces
BHI-YOLO, a lightweight approach to instance segmentation. While ensuring high seg-
mentation effectiveness, the model significantly reduces both the parameter count and the
measured GFLOPs, thereby achieving efficient instance segmentation performance.

This paper designs the UIB [33] and HS-FPN [34] to make the YOLOv8 model more
lightweight. Extensive comparative experiments with other modules are conducted to
validate that these two modules enable the improved YOLOvS8 model to achieve higher
performance and a smaller model size. Specifically, UIB incorporates depthwise separable
convolutions to reduce the number of parameters while retaining key features. HS-FPN
enhances model robustness by integrating high-level and low-level features, further reduc-
ing the model’s size. Finally, the design of the iRMA module effectively aggregates global
information to complement local information, combining the advantages of iRMB [35]
and EMA [36], and significantly improves system performance while maintaining the
lightweight characteristics of the model. The BHI-YOLO model, which integrates these
modules, demonstrates exceptional performance in strawberry disease segmentation tasks
while minimizing model size, providing an effective solution for advancing lightweight
model designs. This makes the model easier to deploy and reduces operational and mainte-
nance costs.

2. Materials and Methods
2.1. Strawberry Dataset

This experiment selected a dataset of 2500 public images of strawberry diseases [25].
The dataset includes seven common diseases affecting strawberries. Additionally,
500 images of healthy strawberry fruits and leaves were added to enhance the recog-
nition of strawberry health and disease in images. The strawberry disease pictures are
all from natural fields, providing close-ups, long-range shots, and different angles of the
strawberries. Examples of strawberry diseases are shown in Figure 1.

In this study, the distribution of seven strawberry diseases accurately reflects their
occurrence in real-world environments. The ratio of healthy samples to diseased samples
does not truly represent the actual occurrence in these environments. Healthy samples
primarily serve as a control group, helping the model more effectively differentiate between
healthy and diseased samples, thereby improving overall performance. However, an
excessive number of healthy samples may result in model overfitting, which could reduce
its generalization ability. Additionally, since the characteristics of healthy strawberries are
relatively stable, this study selects an appropriate number of healthy and diseased samples
to construct the experimental dataset. The dataset was annotated using the Labelme tool
(v. 5.3.1), with each annotated image containing information on at least one type of
strawberry disease. Therefore, the total number of strawberry diseases is slightly higher
than 2500. The labeled data were divided based on a 7:2:1 ratio, a widely used method that
effectively balances the data from each part and is able to reasonably assess the model’s
generalization ability. Specific details are provided in Table 1.
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Figure 1. Nine images of healthy and diseased strawberries: (a) Angular Leafspot; (b) Anthracnose
Fruit Rot; (c) Blossom Blight; (d) Gray Mold; (e) Healthy Fruit; (f) Healthy Leaf; (g) Leaf Spot;
(h) Powdery Mildew Fruit; (i) Powdery Mildew Leaf.

Table 1. Dataset details.

Categories Training Set Validation Set Test Set

Healthy Fruit 176 57 17
Healthy Leaf 178 50 22
Powdery Mildew Fruit 105 19 17
Angular Leafspot 302 93 40
Leaf Spot 442 107 66

Gray Mold 310 110 57

Powdery Mildew Leaf 367 115 51
Anthracnose Fruit Rot 78 13 9
Blossom Blight 150 37 21
Total 2108 601 300

2.2. YOLOuS Algorithm

YOLOVS is a real-time multitask model that was open-sourced by the Ultralytics team
and numerous contributors in 2023. Compared to YOLOVS, it further enhances model
performance and versatility, featuring superior capabilities for edge device deployment
and industrial applications. The architecture of YOLOvVS8 includes three key components,
namely, the backbone, neck, and head, as illustrated in Figure 2.
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Figure 2. YOLOvS8n-Seg structure diagram.

From the network structure of YOLOV8-Seg, we can see that it continues the network
concept of YOLOv5. YOLOVS offers optional mosaic data augmentation at the input, enrich-
ing the image backgrounds while reducing GPU dependency. The input data are processed
by several convolutional and pooling layers that capture image features and progressively
convert the input into a multi-level, rich feature representation. This process efficiently
accomplishes the feature extraction task of the backbone network. The neck component
processes and integrates feature maps from multiple levels of the backbone network to
improve the model’s capability in detecting objects of different sizes. Compared to YOLOVS5,
YOLOVS replaces the C3 structures with the lighter C2f structures. The C2f module en-
hances gradient flow by utilizing various convolution modules and ‘n” bottlenecks. In the
head section, YOLOvV8 adopts the idea from YOLACT for instance segmentation tasks by
transitioning from a coupled head structure to a decoupled-head structure. Additionally, it
utilizes the anchor-free method [37], thereby separating classification from detection. This
reduces the model’s computational load and enhances its generalization capability. Finally,
the CloU utilized in YOLOVS is capable of effectively addressing segmentation tasks in
intricate scenarios.
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3. The Improved BHI-YOLO Instance Segmentation Model

Although YOLOvS8-seg stands out as one of the more cutting-edge segmentation mod-
els at present, disease segmentation in complex environments tends to result in missed
detections and false positives. The algorithm also requires numerous parameters in such
environments, which leads to high computational costs. These costs impede its integration
into resource-constrained mobile devices, thus limiting its practical applicability. To address
the previously mentioned issues, this paper utilizes the general instance segmentation algo-
rithm YOLOv8n-seg as the baseline model, improves and redesigns its network structure,
and develops the new BHI-YOLO instance segmentation model. First, to tackle the problem
of an excessive parameter count in YOLOvVS8, which complicates deployment on mobile
devices, this study presents the C2f UIB module as part of the backbone network. This
reduces parameters and simplifies computational demands while also providing a more
flexible balance between spatial and channel mixing, expanding the receptive field, and
enriching semantic information. Second, to address the multi-scale issue of strawberry
diseases in field greenhouses, the introduction of the High-level Screening-feature Fusion
Pyramid Network (HSFPN) reduces the parameter volume while effectively filtering feature
maps at various scales. It integrates disparate scale information synergistically, ultimately
enhancing the model’s detection capability. Finally, the iRMA structure, designed through
the integration of iRMB and EMA, is fused with the C2f module of the neck network
to establish the C2f iRMA structure. This structure enhances the aggregation of global
information, reduces interference, improves feature fusion, enhances model generalization
capability, and significantly boosts segmentation performance. The BHI-YOLO structure is
shown in Figure 3.
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Figure 3. BHI-YOLO structure diagram.
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3.1. Introduction of UIB

To make lightweight improvements to YOLOVS, this paper introduces the Universal
Inverted Bottleneck (UIB) newly designed based on the Inverted Bottleneck [38] (IB) (as
shown in Figure 4) module in the MobileNetV4 paper. This module (Figure 5) employs the
ReLU activation function to prevent the vanishing gradient problem, thereby enabling more
effective capture of complex features and enhancing the model’s generalization capability.
The ReLU formula is shown as follows.

ReLU(x;;,) = max(0, x;;,) (1)

where x;, is the input feature.

>
Y

Depthwise
Convolution3>3
RelLU

Conv1xlL
RelL.U

-

Expansion Depthwise Projection
convolution convolution convolution

Figure 4. Inverted Bottleneck (IB).

Universal 1B block . . Alternative
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s N [ N

uiB ExtraDW  Inverted Bottleneck ~ Conv Next FFN Fused IB
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B |
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I 1 Optional Dethwise DepthWise PointWise Conv2D

Figure 5. Universal Inverted Bottleneck (UIB) block.

According to Figure 4, it is evident that the IB module utilizes depthwise separable con-
volution, inverted residual, and linear bottleneck structures. The inverted residual structure
employs residual connections and follows a pattern of first expanding the input, extracting
features, and then reducing dimensions. This expansion introduces more channels to
capture richer feature information. After expansion, depthwise separable convolution
is employed to reduce parameter count and complexity. Additionally, linear activation
is used instead of ReLU activation to minimize information loss. As shown in Figure 5,
UIB introduces two optional depthwise convolutions (DW) within the Inverted Bottleneck
block: one before the expansion layer and another between the expansion and projection
layers. In addition, a new variant of ExtraDW is introduced, which effectively increases
the network’s depth as well as its receptive field. The UIB module is capable of trading
off between spatial and channel mixing, expanding the receptive field, and maximizing
computational utilization. Shi et al. [39] integrated the UIB module into YOLOvV9; however,
this paper differs from their work in the design of the UIB module. We use ReLU as the
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activation function for this module to alleviate the vanishing gradient problem during the
training process. Additionally, this paper employs depthwise separable convolutions to
reduce the number of parameters and maximize the utilization of computational resources,
which was not mentioned in the YOLOV9 publication. Furthermore, this paper focuses on
how to modify the YOLOv8 backbone network using the UIB module to enhance its feature
extraction capabilities. However, the YOLOV9 study did not provide a revised structure
diagram for YOLOV9, which differs from our approach to improving the applicability and
design goals of YOLOvVS. These differences will lead to varying model performance. This
paper constructs the C2f_UIB (Figure 6) module by replacing the bottleneck structure of the
C2f module in the backbone network with the UIB module. The C2f_UIB module more ef-
fectively utilizes multi-channel information. This approach reduces module computational
complexity and parameter count while obtaining more comprehensive strawberry disease
feature information, thereby providing strong support for the improvement of lightweight
models. Thus, the module is better suited for instance segmentation tasks overall. The UIB
formula can be expressed as follows:

Your = ReLU(W; x ReLU (W, X x,)) ()

where W, is the weight of the expansion layer, W, is the weight of the compression layer,
and Yy, is the output feature.

—————————————————————— i c2f_UIB

1
|
|
|
|
i— Conv. —»  Split —> UIBBlock eoe UIB Block —» Concat —» Conv —>»
|
|
|
|
|
|

Figure 6. C2f_UIB structure diagram.

3.2. Introduction of HS-FPN

The High-level Screening-feature Fusion Pyramid Network (HS-FPN) first performs
feature selection. As illustrated in Figure 7, the Channel Attention (CA) module processes
the input feature maps, combining the feature maps generated through global average
pooling and global max pooling. Afterward, the weight values for each channel are
computed using the sigmoid activation function to obtain the final weights. The CA
module uses this approach to accurately extract key information about strawberry diseases
from each channel, while avoiding further loss of information. Subsequently, filtered
feature maps are obtained by multiplying weight information with the corresponding
proportion of feature maps. Before feature fusion, each proportional feature map’s channel
count is reduced to 256 using a 1 x 1 convolution, ensuring alignment across feature maps
of different scales. CA is represented as follows:

fin € REIN ®)

fea € R (4)

where f;, symbolizes the input feature map; fc4 denotes the final weight for each channel;
and C, H, and W refer to the number of channels and the height and width of the feature
map, respectively.
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Figure 7. CA structure diagram.

After feature extraction from the feature maps, higher-level features are used as
weights to eliminate basic semantic information contained in lower-level features, pro-
moting targeted feature fusion. As shown in Figure 8, given high-level features f};¢; and
low-level features fy,, features fjq, are expanded using a transposed convolution with
a stride of 2 and a 3 x 3 kernel, yielding f}@l To ensure dimensional alignment between

high-level and low-level features, bilinear interpolation is used to upsample or downsam-
ple the high-level features, resulting in fu;. Finally, the low-level features filtered by the
CA module are fused with the high-level features to obtain f,,;. The formulaic process of
the SSF module is as follows:

flow € RCXHlXWl 5)
fhigh c RC><H><W (6)
Cx2Hx2W
i € RE77 (7)
fatt = BL(T — Conv(fyign)) (8)
fout = frow X CA(fart) + fart )
——— Transposed Convolution Bilinear Interpolation
fhigh - fhigh ” fatt

p / /’/
Jammm— %/
[

low

f ) Fout

Figure 8. The framework of the SFF module.

In the strawberry disease dataset, the diverse types of strawberry diseases lead to a
multi-scale issue, affecting the model’s accuracy in disease identification. To address this,
this experiment introduces HS-FPN (as depicted in Figure 3, neck structure) to achieve
multi-scale feature fusion. The module utilizes CA and Dimension Matching (DM) mecha-
nisms to screen feature maps of various diseases affecting strawberries. Through pooling
operations and weight calculations, it effectively extracts important information from each
channel. Subsequently, the Selective Feature Fusion (SSF) mechanism integrates the various
strawberry disease features extracted earlier. The entire process not only preserves the
information of small targets but also integrates other features of strawberries effectively,
allowing the model to better adapt to complex strawberry disease issues and enhancing its
segmentation capability. In addition, the simple structure of HSFPN significantly reduces
computational redundancy, resulting in a smaller model size, which provides guidance for
the lightweight improvements discussed in this paper.
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3.3. Introduction of iRMA

The main idea of Inverted Residual Mobile Block (iRMB) is to enhance network
performance on mobile devices by combining residual connections with mobile blocks. As
presented in Figure 9, the iRMB module is made up of a depthwise separable convolution
module and an interactive attention module. The first step involves feature expansion
through 1 x 1 convolution to enhance the model’s expressive capability. The second step
utilizes Depthwise Separable Convolution (DW-Conv), applying 3 x 3 convolution kernels
separately on each channel to obtain multiple feature maps. Subsequently, the feature maps
derived from depthwise convolution are combined using 1 x 1 convolution kernels to
produce the final feature map. This significantly reduces computation and the parameter
count while maintaining model effectiveness. Residual connections allow input features to
be directly added to output features, aiding the network in learning identity mappings or
residual information more easily. This structure enhances the model’s convergence speed
and overall performance. Residual connections allow the network to more easily learn
identity mappings or residual information by directly adding input features to output
features. Ultimately, it achieved the goal of improving the model’s convergence speed
and performance.

Y 1x 33 > Y 1x e
iRMB

Conv | DWConv Y Conv !

Figure 9. iRMB structure diagram.

Efficient Multi-Scale Attention (EMA) demonstrates excellent performance across vari-
ous visual tasks and is particularly adept at handling complex tasks involving multi-scale
information. It effectively enhances the model’s perceptual skills across a range of scales
while maintaining high efficiency. It avoids the impact of downscaling in the convolution
process by transforming a segment of the channel dimension into the batch dimension
and dividing the channel dimension into two types of sub-features: 1 x 1and 3 x 3. As
shown in Figure 10, an EMA unit has input X;,, = [x1, X2, -+, x¢c] € REXWxH and output
Your = [y1,y2,- - - yc] € RE*W*H_ First, separate X;, into G sub-features based on the
channel dimension, i.e., X;, = [Xo, X;, - -, Xg_1], RC//GXWxH and then apply pooling
operations with kernel sizes (1, W) and (H, 1) along the width and height dimensions, respec-
tively. These operations generate two sets of one-dimensional features that encode vertical
and horizontal contextual information. In the 3 x 3 branch, 3 x 3 convolutional kernels
are used to capture multi-scale features. Concatenate two independent one-dimensional
feature encodings and then decompose them into two vectors. Use the nonlinear sigmoid
function to model the two-dimensional binary distribution of linear convolution. Then,
implement different cross-spatial interaction features in the two branches. The outputs
of the two branches are globally encoded using two-dimensional global average pooling
operations to incorporate global information. The resulting outputs are then transformed
into corresponding feature maps R%XC/ /6 % Rg/ /GXWxH In the end, each group’s output
feature map is calculated by combining two spatial attention weight values that have
been produced. This aggregated result is applied to the input feature map Xj, through
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multiplication, yielding the output Y, where X;,, and Yy, have the same dimensions. The
two-dimensional global pooling operation is expressed as follows:

1 W H
zZc = xc(m,n 10
C=Wx H;; c(m,n) (10)
lutput o
H>XWxC//G
SIE
1XW>C/IG Hx1xC/IG H>XWxC/IG
A4 A 4 Y
X Avg Pool Y Avg Pool Conv(3>3)
(W>H)>C/IGx1
A4 A
[ Concat+Conv(1x1) ]
1XW>C/IG 1xH>C/IG
A4 Y
Sigmoid Sigmoid
H >/
Y
Re-weight

GroupNorm v

Avg Pool 1x1xC/IG

@;@ 1CIIG

4
1x1>C//G | Avg Pool

1xC//G | Softmax

Matmul

Sigmoid

Output HXWx=C

Cross-spatial learning

Figure 10. Structure diagram for EMA.

Here, x¢ represents the input features at the C-th channel.

Attention mechanisms can flexibly capture various types of information from feature
maps, inspired by the way human vision processes visual information. Various categories
of strawberry disease in images exhibit distinct disease characteristics and diverse shapes.
Therefore, introducing the attention mechanism helps to effectively integrate features across
different scales. This paper designs the iRMA (Figure 11) mechanism by borrowing the
inverted residual structure of iRMB and combining it with a plug-and-play EMA attention
mechanism. The iRMA mechanism is incorporated into the C2f module, resulting in the
C2f_iRMA structure (Figure 12). As shown in Figure 11, this module utilizes EMA for cross-
space learning, aggregating information across different spatial dimensions. It captures
spatial features through depthwise separable convolutions. Simultaneously, this component
is connected by a residual edge to prevent gradient vanishing, thereby enhancing the
stability and generalization effectiveness of model training. Finally, 1 x 1 convolutions are
used to restore the channel number. Zhang et al. [40] improved YOLOVS8's performance by
designing the iRMA module. However, their paper lacks details on the specific structures
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of iRMA and C2f_iRMA, resulting in design differences compared to this paper. While both
studies employ C2f iRMA for YOLOvS8 enhancements, they differ in YOLOvVS8 locations.
This paper’s iRMA structure integrates all C2f modules in the neck network, whereas Zhang
et al. utilized two C2f_iRMA modules. These design variations and distinct application
scenarios lead to differences in model performance and applicability. Lastly, Zhang et al.
did not provide experimental data to validate the performance of their iRMA module
against EMA and iRMB, whereas this paper’s experiments demonstrate that the iRMA
module outperforms EMA and iRMB in strawberry segmentation tasks. The design of
iRMA enhances segmentation performance while effectively controlling the increase in
parameters, addressing the issues of the elevation of iRMB parameters and the limited
improvement in EMA performance, and tackling the multi-scale challenges in strawberry
disease recognition. This allows the research presented in this paper to achieve higher
precision more easily during the development of lightweight models.

’/» BatchNormd —»{ EMAttention J—» DWeonv H{ Conva{ |
i

i ' [ R i
' » Conv »_ Split » Bottleneck Bottlenejck » Concat » Conv > iRMA —
| |

Figure 12. C2f_iRMA structure diagram.

3.4. Evaluation Criteria

This experiment uses Intersection over Union (IoU) and mean average precision with
masks (Mask mAP50) to measure the performance of the model. Metrics including GFLOPs,
parameters (M), and model size (Mb) are employed to evaluate the scale of the model. The
formulas are provided as follows:

.. TP
Precision = TP L EP (11)
TP
R e — 12
ecall = 75 FN (12)
1
AP = / P(R)dR (13)
0
1 n
mAP = ﬁ): AP, (14)
i=1
Intersection Area
o= ——F——7-—— 1
ou Union Area (15
1 n
IoU = =Y Iol; 1
mlolU nz ol; (16)

i=1
Precision assesses the correctness of positive predictions, whereas recall evaluates the
capability to identify true positive cases. “n” denotes the total number of categories. IoU
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measures the overlap between the predicted area and the ground truth area, while mIoU
is the average of IoUs across all categories. AP represents the accuracy of a strawberry
disease, while mAP represents the average accuracy of nine different strawberry diseases.

4. Experiments and Analysis
4.1. Experimental Environment

The experimental platform parameters described in this paper are detailed in Table 2.
Additionally, the image dimensions have been resized to (640, 640), and SGD [41] has been
employed as the optimizer.

Table 2. Experimental configuration parameters.

Items Types
Operating system Windows 11
CPU Intel Core i7-12650H
GPU RTX 4060(8G)
Language Python 3.8
Accelerating environment CUDA11.8
framework torch2.0
Batch Size 16
Learning Rate 0.01
Epochs 300

4.2. Segmentation Performance Analysis of Various Modules

To verify the performance of the improved C2f_UIB module, this paper simultaneously
introduces modifications to the backbone network using other modules as control groups.
To ensure the experimental rigor, modifications to the backbone network are consistent
with the UIB. The results are shown in Table 3.

Table 3. A comparison of various module segmentation results.

Model Parameters (M) GFLOPs Mask mAP50 Model Size (Mb)
YOLOv8n-seg (baseline) 3.26 12.0 90.7 6.8
UIB 2.83 10.8 91.7 6.0
Fast block 2.55 10.3 90.9 5.4
Context guided 2.80 10.6 91.0 59

According to the data in Table 3, the backbone models improved using UIB, fast
block [42], and context-guided models [43], compared to the baseline model, exhibit in-
creased mAP by 1.0%, 0.2%, and 0.3%, respectively. While the fast block module has
relatively fewer parameters, GFLOPs, and model size compared to the UIB module, it only
achieved a modest mAP improvement of 0.2%. The context-guided module has parameters,
GFLOPs, and model size comparable to UIB, but it only achieved a modest 0.3% increase in
mAP. Through comparison, the UIB module balances the lightweight nature of the model
and accuracy, demonstrating higher effectiveness and superiority overall.

In addition to comparisons with the baseline model, this paper also selects current
mainstream feature pyramid models, as shown in Table 4. Compared to YOLOv8n-seg,
AFPN [44], GFPN [45], Bi-FPN [46], and HS-FPN achieved improvements in mAP of 0.7%,
1.0%, 0.9%, and 1.0%, respectively, showing similar enhancement effects. Meanwhile, in
this paper, the HSFPN features fewer parameters, lower GFLOPs, and a smaller model size
than the other models. The experimental results indicate that the improvement method
used in this paper is more suitable for enhancing lightweight models.
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Table 4. Comparison of results from different Feature Pyramid Networks.
Model Parameters (M) GFLOPs Mask mAP50 Model Size (Mb)
YOLOvBn-seg 3.26 12.0 90.7 6.8
(baseline)
AFPN 3.39 13.2 91.4 7.1
GFPN 3.54 12.3 91.7 74
Bi-FPN 3.03 12.0 91.6 6.4
HS-FPN 2.14 10.7 91.7 4.6

The iRMA module is a novel design in this paper, combining the inverted residual
block concept from iRMB with the EMA. As shown in Table 5, iRMB, EMA, and iRMA
improve mAP by 1.6%, 0.9%, and 1.7%, respectively. The improved model using the iRMB
module shows varying degrees of growth in parameters, GFLOPs, and model size, with
GFLOPs notably rising from 12.0 to 15.1, a significant increase. The model improved
with EMA shows no differences in parameters, GFLOPs, and model size compared to
YOLOv8n-seg, but the increase in mAP is relatively small. The designed iRMA mechanism
in this study combines the advantages of two modules, achieving a higher increase in mAP
while keeping the model more lightweight. Through comprehensive comparison, the iRMA
module demonstrates superior applicability and effectiveness.

Table 5. Results of comparisons between various attention mechanisms.

Model Parameters (M) GFLOPs Mask mAP50 Model Size (Mb)
YOLOv8n-seg 3.26 12.0 90.7 6.8
(baseline)
iRMB 3.37 15.1 92.3 7.1
EMA 3.26 12.0 91.6 6.8
iRMA 3.29 12.1 92.4 6.9

4.3. Ablation Experiment

To ascertain whether integrating various modules results in a model with enhanced
segmentation effectiveness, we conducted ablation experiments. Using YOLOv8n-seg as the
baseline model, we sequentially incorporated improvements into the model training and vali-
dation process. The results from the validation ablation experiments are provided in Table 6.
The experiment improves upon YOLOv8n-seg to enhance model accuracy while achieving
a lightweight model. Afterwards, the C2f_UIB module was designed, which expanded the
model’s receptive field and helped the model obtain more comprehensive information about
strawberry disease features. Compared to YOLOv8n-seg, the mAP increased by 1%, the
mloU increased by 1.2%, the model’s parameter count was reduced by 13%, GFLOPs reduced
by 10%, and the model size decreased by 12%. After integrating the High-level Selective
Feature Pyramid Network (HSFPN), the model’s capability to express strawberry disease
features was enhanced. At this stage, the mAP increased by 1.7%, the mloU increased by
2.2%, the model’s parameter count was reduced by 48.6%, GFLOPs decreased by 22.5%, and
the model size decreased by 45.5%. After finally introducing the iRMA embedding neck
network into C2f, the effective aggregation of strawberry disease features was achieved. With
minimal sacrifice in parameter count, the model’s final mAP increased by 2.3%, the mloU
increased by 2.6%, the parameters were reduced by 47%, the GFLOPs decreased by 20%,
and the model size decreased by 44.1%. Compared to YOLOv8n-seg, the enhanced model
BHI-YOLO significantly improves performance while drastically reducing model size. This
effectively addresses the issue of high computational costs.
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Table 6. Ablation experiment results.
Model Parameters (M) GFLOPs Mask mAP50 mloU (%) Model Size (Mb)
YOLOv8n-seg (baseline) 3.26 12.0 90.7 74.9 6.8
+C2f_UIB 2.83 10.8 91.7 76.1 6.0
+HSFPN 2.14 10.7 91.7 76.3 4.6
+C2f_iRMA 3.29 12.1 92.4 76.8 6.9
+C2f_UIB + HSFPN 1.68 9.3 92.4 77.1 3.7
+C2f_UIB + HSFPN + C2f_iRMA 1.72 9.6 93.0 77.5 3.8

4.4. Comparative Analysis of Algorithms

To better demonstrate the improvement in instance segmentation in this paper, in addi-
tion to the YOLOVS baseline model, we selected current mainstream instance segmentation
algorithm models for comparison, including YOLACT and the YOLO series, together with
Mask R-CNN and Cascade-Mask R-CNN [47]. According to Table 7, the BHI-YOLO model
from this experiment demonstrates an increase in mAP compared to the other seven in-
stance segmentation models by 5%, 1.7%, 6.2%, 0.1%, 6.8%, 8.5%, and 10.4%, separately. The
mAP achieves optimal results, with only YOLOvV9 [48] demonstrating similar segmentation
performance to the model improved in this paper. However, the parameters, GFLOPs,
and model size of YOLOvV9 are 4.23 times, 4.64 times, and 4.20 times those of YOLOVS,
respectively, making it a very large model that is difficult to improve in terms of lightweight
design. In contrast, YOLOVS is inherently smaller and has become even more lightweight
after optimization, making it extremely suitable for the research direction of this paper.
Compared to other algorithms, BHI-YOLO in this paper exhibits outstanding performance
in strawberry disease instance segmentation tasks, while minimizing parameter counts and
computational overhead, making it easier to deploy on mobile devices.

Table 7. Comparison results of different algorithms.

Method Parameters (M) GFLOPs Mask mAP50 Model Size (Mb)
YOLOv3tiny-seg 14.10 32.7 88.0 28.4
YOLOv5s-seg 7.42 25.8 91.3 15.2
YOLOv6-seg 4.40 15.2 86.8 9.1
YOLOvV9c-seg 13.8 55.7 929 28.6
Mask R-CNN 44.0 190 86.2 370.2
Cascade-Mask R-CNN 77.1 1713 84.5 686.0
YOLACT 35.3 68.4 82.6 278.8
YOLOvS8n-seg 3.26 12.0 90.7 6.8
BHI-YOLO 1.72 9.6 93.0 3.8

4.5. Comparison of Results

To validate the performance differences between BHI-YOLO and the baseline model
across nine categories of strawberries, we used precision—recall (P-R) curves to compare
the segmentation results of the two algorithms. The P-R curve for strawberry disease
segmentation is presented in Figure 13. It can be noted that the AP for anthracnose fruit rot
shows the most significant improvement, increasing by 9.4%. The significant improvement
is mainly due to the relatively large-scale variation in anthracnose fruit rot, where the
disease can affect a small part or even the entire fruit. Therefore, compared to other
categories, segmenting it is more challenging. With the optimized model, it can better
capture global contextual information by adjusting feature weights to effectively adapt
to targets of different scales and positions, thus enhancing segmentation performance. In
other categories, the improved model shows enhanced segmentation performance across
the board. Overall, the improved model has shown an overall 2.3% increase in mAP,
outperforming the baseline model.
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Figure 13. P-R curve comparison chart.

To visually compare the segmentation performance before and after model improve-
ments, predictions were made on the test set employing both the baseline model and
BHI-YOLO. Figure 14 depicts the instance segmentation results of the YOLOv8n-seg and
BHI-YOLO models. The first row in the figure shows manually created truth labels. The
instance segmentation outputs of YOLOVS are presented in the second row, and the results
of BHI-YOLO are displayed in the third row. Each column represents different disease
characteristics of strawberries.

Blossom Blight Gray Mold Healthy Fruit Leaf Spot Powdery Mildew Fruit Powdery Mildew Leaf
T / v \}

Healthy Leaf

Figure 14. Comparison of segmentation effects between the YOLOv8n-seg and the BHI-YOLO.

Figure 14 shows that in the segmentation results of YOLOVS, columns 1, 5, 6, and
9 mistakenly detect the background of the images as strawberry diseases. In columns 4
and 8, strawberry diseases are incorrectly identified as another disease with similar fea-
tures. Columns 2, 3, and 7 exhibit cases of missed detection. After improvement, the
model can accurately identify various diseases in strawberries. This is because in complex
backgrounds of strawberry disease images, the improved model has enhanced feature
extraction capabilities and the ability to express features at different scales. As a result, the
improved model exhibits superior adaptability to complex scenarios and performs better in
multi-scale instance segmentation. The experimental findings indicate that the BHI-YOLO
achieves ultimate lightweighting while possessing superior instance segmentation perfor-
mance. This fully proves that the improved model not only exhibits stronger robustness but
also effectively addresses the challenges of lightweight deployment on mobile terminals,
thereby reducing maintenance costs. However, adverse weather conditions like rain and
snow may lead to poor lighting, in which case YOLOvS8 might perform better. This aspect
requires further validation and resolution in future research.



Appl. Sci. 2024, 14, 9819 17 of 19

5. Conclusions

This paper presents BHI-YOLO, a lightweight algorithm for strawberry disease seg-
mentation that utilizes the YOLOvS architecture, effectively addressing challenges such as
the difficulty of detecting strawberry diseases in complex environments, high computa-
tional complexity of models, and large algorithm parameter counts. First, by embedding
the UIB module within the C2f of the backbone network, the C2f UIB module achieves a
reduction in computational burden while maintaining excellent feature extraction capabili-
ties. Additionally, the introduction of the HS-FPN (High-level Screening-feature Fusion
Pyramid Network) further reduces parameter count while expanding the model’s ability
to perceive multi-scale targets. Finally, the iRMA module is designed to capture spatial
features, aggregate global information, and enhance the segmentation accuracy of various
diseases in strawberries. The experimental findings indicate that the enhanced model
lowered the parameter count by 47%, decreased the computational workload by 20%, and
reduced the model size by 44.1%. Moreover, it achieved a 2.3% increase over YOLOv8n-seg
in mAP. This indicates that the improved model architecture achieves high performance
while effectively reducing the algorithm’s dependence on platform hardware, aiding the
deployment on mobile devices that have restricted resources.

In the next phase of our research, we intend to apply model quantization and knowl-
edge distillation in order to further lower the model’s computational overhead and enhance
its performance. Additionally, we aim to deploy and apply the model on mobile devices to
expand its practical application and versatility, meeting users” demands for portability.
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