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Abstract
Fungal diseases are the main factors affecting the quality and production of vegetables. Rapid and accurate 
detection of pathogenic spores is of great practical significance for early prediction and prevention of diseases. 
However, there are some problems with microscopic images collected in the natural environment, such as complex 
backgrounds, more disturbing materials, small size of spores, and various forms. Therefore, this study proposed an 
improved detection method of GCS-YOLOv8 (Global context and CARFAE and Small detector-optimized YOLOv8), 
effectively improving the detection accuracy of small-target pathogen spores in natural scenes. Firstly, by adding 
a small target detection layer in the network, the network’s sensitivity to small targets is enhanced, and the 
problem of low detection accuracy of the small target is effectively improved. Secondly, Global Context attention 
is introduced in Backbone to optimize the CSPDarknet53 to 2-Stage FPN (C2F) module and model global context 
information. At the same time, the feature up-sampling module Content-Aware Reassembly of Features (CARAFE) 
was introduced into Neck to enhance the ability of the network to extract spore features in natural scenes further. 
Finally, we used an Explainable Artificial Intelligence (XAI) approach to interpret the model’s predictions. The 
experimental results showed that the improved GCS-YOLOv8 model could detect the spores of the three fungi 
with an accuracy of 0.926 and a model size of 22.8 MB, which was significantly superior to the existing model 
and showed good robustness under different brightness conditions. The test on the microscopic images of the 
infection structure of cucumber down mildew also proved that the model had good generalization. Therefore, this 
study realized the accurate detection of pathogen spores in natural scenes and provided feasible technical support 
for early predicting and preventing fungal diseases.

Keywords  Spore detection, In field, Small object detection, Global context attention, Feature upsampling

Cucumber pathogenic spores’ detection using 
the GCS-YOLOv8 network with microscopic 
images in natural scenes
Xinyi Zhu1, Feifei Chen1, Chen Qiao1, Yiding Zhang2*, Lingxian Zhang1,3*, Wei Gao4 and Yong Wang4

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13007-024-01243-x&domain=pdf&date_stamp=2024-8-20


Page 2 of 16Zhu et al. Plant Methods          (2024) 20:131 

Background
Cucumber is one of the world’s most widely cultivated 
vegetable crops [1], which people love because of its rich 
nutrition and considerable economic benefits [2]. How-
ever, the occurrence of the disease will lead to reduced 
cucumber yield and food safety problems [3, 4]. Patho-
gens, host plants, and environmental conditions are 
the three essential elements of plant disease. When the 
environmental condition is advantageous to the growth 
of pathogens, they will infect the host plant pathogens, 
causing disease [5], as shown in Fig.  1. Among them, 
fungi are the most crucial pathogenic microorganism, 
and fungal diseases are the most in all diseases, such 
as powdery mildew, fusarium wilt, and gray mold [6]. 
Therefore, preventing and controlling fungal diseases 
is very important for improving vegetable quality and 
reducing economic losses [7, 8].

The process from the invasion of fungal pathogens into 
host plants to the appearance of disease can be divided 
into four periods: contact period, invasion period, latent 
period, and onset period [9]. In the contact period, inva-
sion period, and latent period, the pathogen was the 
pathogen conidium. The pathogen conidium had contact 
with the crop at this time, but no disease appeared on the 
crop surface. When in the onset period, the surface of 
the crop will appear green, with discoloration and other 
symptoms [10]. Therefore, compared with the diagnosis 
and prediction of disease conditions through observation 
of disease sites during the onset period [11–13], direct 
detection of pathogen spores can move the prevention 
and control threshold forward to achieve early accurate 
prediction and risk assessment of diseases [14], thus 
effectively reducing losses. Therefore, rapid and accurate 
detection of fungal spores is needed.

Traditional spore identification mainly relies on visual 
inspection and manual counting. Although this method 
is simple to operate, it is time-consuming and subjective 
[15–17]. With the development of artificial intelligence 
technology, researchers began to use computer-aided 

technology to detect fungal spores to achieve early 
diagnosis of diseases [18]. Among them, the detection 
method based on machine learning needs first to pre-
process the image, such as graying and de-noising, and 
combine the segmentation method to obtain the target 
image, and then manually extract the features such as 
size, shape, and texture based on the characteristics of 
the spores to identify the spores [19–21]. This method 
can accurately extract the features of specific spores in a 
relatively simple scene, but because the features extracted 
by hand are for particular species, they are not universal.

Moreover, when different spores have similar size and 
morphological characteristics, and when the spores in 
the actual scene have morphological diversity due to dif-
ferent growth stages, the characteristics of the spores 
are not universal. The accuracy of spore detection using 
machine learning methods decreases. In addition, using 
machine learning methods to detect spores in natural 
scenarios accurately has also proved challenging [22]. 
Compared with machine learning methods, deep learn-
ing has strong learning ability and can automatically 
learn the high-dimensional features of the target with 
better adaptability [10, 23, 24]. At present, the main-
stream deep learning detection methods mainly include 
semantic segmentation and object detection. The method 
based on semantic segmentation is to make pixel-level 
predictions by separating the target spores from the 
background image. This method can detect pathogen 
spores in natural scenes, but the detection accuracy will 
be reduced when there is spore adhesion in the image. 
In addition, the practicability of this method needs to 
be improved due to the time-consuming and laborious 
process of classifying the spore images at the pixel level 
[25, 26]. The method based on target detection can real-
ize accurate location and recognition of pathogen spores. 
It only needs to mark the target spores in a rectangular 
box, without pixel-level labeling, so it has been widely 
used in fungal spore detection. For example, Zhang et al. 
proposed a YOLOv5 network based on ECA attention 
and the adaptive feature fusion mechanism ASFF, which 
enhanced the network’s ability to extract features of dif-
ferent dimensions of spores and realized high-precision 
detection of wheat scab spores [23]. Li et al. constructed 
an MG-YOLO model to rapidly detect fungus spores 
[10], MHSA enhanced the processing of global image 
information, and a BiFPN-enhanced network was intro-
duced to extract features of spores of different scales. A 
lightweight network was adopted to optimize the Neck, 
which maintained high precision and reduced the model 
size. However, most of the spore images collected in the 
current spore research are based on the fungi cultured 
in the laboratory environment. The background of the 
images is relatively simple; there are few disturbing mate-
rials, and only one kind of pathogen spores are targeted. Fig. 1  Disease triangle schematic diagram
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The detection accuracy rate in natural scenes and the 
generalization ability of other pathogen spores detection 
must also be verified.

Considering that pathogen spores are small targets 
with diverse forms, and there are many interferors and 
adhesions such as mycelia, leaf tissue, impurities, and 
bubbles in the actual images collected in the field, it 
brings a series of challenges to the detection of pathogen 
spores small targets. On this basis, this study proposes an 
improved identification method of GCS-YOLOv8, which 
combines the small target detection layer, the feature 
up-sampling module CARAFE, and the Global Context 
attention module based on the YOLOv8s benchmark 
model, effectively combining shallow features with deep 
features. The global context information was modeled to 
improve the feature extraction ability of the network and 
realize the accurate and rapid identification of cucumber 
pathogen spores. The main contributions of this study are 
as follows:

1.	 A small target fungal spore identification method, 
GCS-YOLOv8, was proposed in the natural 
scene, which was interpreted by an XAI method, 
its robustness under dim and light conditions 
was tested. Transfer learning was performed on 
microscopic images of cucumber downy mildew 
infection structure and its generalization was tested;

2.	 Add a small target detection layer to the network and 
detect the shallow and deep features of the network 
after fusion to enhance the ability of the network to 
extract small target spore features;

3.	 Use the Global Context attention mechanism to 
optimize the C2F module and model long-term 
dependency by capturing global context information;

4.	 CARAFE, a content-sensing feature recombination 
module, was used in Neck to conduct feature 
up-sampling and aggregate feature information 
in a large receptive field, effectively improving the 

accuracy of spore detection based on lightweight and 
speed.

Materials and methods
Image acquisition and annotation
In this study, we built the microscopic image dataset 
obtained from the Plant Protection Research Institute 
of Tianjin Academy of Agricultural Sciences. After col-
lecting several cucumber powdery mildew leaves, gray 
mold leaves, and wilt leaves in the field, take a slide, 
drop 1–2 drops of sterile water on the slide, scrape the 
mycelia spores from the mycelia parts of the sick leaves 
with a fungus-scraping stick and observe them under a 
microscope.

This study collected microscopic images of spores 
under different light sources. The microscope model used 
for image collection was the Olympus microscope BX51. 
Eight fields of view were observed on each slide, the mag-
nification was 200× , and the resolution of the collected 
images was 2748 × 2220  pixels. A total of 484 images 
with 31,629 spores of powdery mildew, gray mold, and 
fusarium wilt were collected. The image samples of three 
fungal spores are shown in Fig. 2.

Under the guidance of experts in this field, the image 
annotation software LabelImg was used to label the 
spores of three kinds of fungus in rectangular boxes. 
The annotation file was saved in the “.xml " format of the 
PASCAL Visual Object Class (VOC) dataset. In order to 
make the model play the best performance, we use the 
smallest rectangular frame outside the spore as the label 
frame to mark artificially, so as to reduce the interference 
of complex background and make the model extract the 
characteristic information of the spore more accurately. 
For the spores at the edge of the image, it is judged that 
the spore area accounts for more than half of the over-
all area. Overlapping and adherent spores are labeled as 
long as they can be distinguished by the naked eye. The 
annotated dataset contained 484 images and 31,629 data 

Fig. 2  Examples of microscopic images of pathogen spores（where (a) are examples of microscopic images of Powdery mildew spores, and (b) and (c) 
are examples of microscopic images of Fusarium wilm spores
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sets of spore samples. The training set, validation set, and 
test set are divided according to the ratio of 7:1.5:1.5. The 
number of spore image samples and spore numbers of 
the three categories in the dataset are shown in Table 1.

Difficulties in object detection
Since the data are directly scraped from the leaves with-
out any processing after picking the fresh diseased leaves 
and the slides were directly observed under the micro-
scope, this method is simple to operate. Still, the collected 
images have the following characteristics (Fig. 3), which 
makes the detection of pathogen spores challenging.

Small target
It can be seen from the figure that the size of the patho-
gen spores in the microscopic image is small, belonging 
to small targets. Such small targets have low resolution, 

fewer pixels to cover, and weak feature expression ability, 
so it is easy to miss detection.

Complex image background and many disturbing materials
The background of images directly collected from leaves 
is complex and diverse, and there are mycelia, infec-
tious microbe, leaf tissue, bubbles, and other disturbing 
materials, which brings difficulty to the identification of 
pathogen spores.

The individual morphology of the same pathogen varies 
greatly in different periods
In different periods, spores of the same pathogen will 
show different forms and be affected by the external envi-
ronment such as operation during image collection. The 
morphology of spores will also be deformed to a certain 
extent. For example, the spores of powdery mildew show 
an elliptic cylinder or oval shape in the early stage, and 

Table 1  Details of images and spore samples in the dataset
Dataset Images Spores Powdery mildew Gray mold Fusarium wilt

Images Spores Images Spores Images Spores
Training set 338 22,258 110 2791 114 8468 114 10,999
Validation set 72 4742 22 656 27 1943 23 2143
Test set 74 4629 31 806 20 1602 23 2221
Total 484 31,629 163 4253 161 12,013 160 15,363

Fig. 3  Object detection difficulties in datasets (The shape diversity and adhesion are indicated by the blue oval box and the red rectangular box, 
respectively)
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the cells are full of protoplasm, while the center of the 
cells begin to become empty and transparent until hol-
low after isolation, and the spores begin to appear con-
cave and deformed. The conidium of fusarium fusarium 
is oval or sickle type, with two forms of large and small 
spores. The large spores have 3–4 septa and the two ends 
are fusiform, while the small spores have no septa and the 
two ends are blunt round. The spores of gray mold will 
appear convex and concave deformation due to germina-
tion in different periods.

The proposed GCS-YOLOv8 spores detection model
To accurately detect small-target pathogen spores in 
natural scenes, this study constructed a GCS-YOLOv8 
model, as shown in Fig.  4. First of all, given the prob-
lem that the sample size of pathogen spores is small and 
the subsampling multiple of YOLOv8 is large, it is chal-
lenging to learn the feature information of small targets 
from deep feature maps. This study adds a small target 

detection layer to the network to fuse shallow and deep 
feature maps for detection. Secondly, the C2F module 
is optimized by the Global Context attention module in 
the Backbone layer, which enables the network to model 
the global context effectively. Finally, to solve the prob-
lem of dense distribution of pathogen spores, the light-
weight up-sampling operator CARAFE was introduced in 
the Neck layer of the network to enhance the network’s 
ability to perceive image details and further improve the 
accuracy of spore detection.

Optimized detection head
The output of the YOLOv8 model uses P3, P4, and P5 
level feature maps by default, and the corresponding 
detection feature maps of these three layers can detect 
targets with sizes of 8 × 8, 16 × 16, and 32 × 32 at multi-
ple scales. However, in the microscopic image of patho-
gen spores, due to the small size of the spore sample 
and the large downsampling multiple of YOLOv8, it is 

Fig. 4  The structure diagram of the proposed GCS-YOLOv8 model

 



Page 6 of 16Zhu et al. Plant Methods          (2024) 20:131 

challenging to learn the feature information of small 
target pathogen spores in the deep feature map. There-
fore, given the small target of pathogen spores, this study 
added a small target detection layer to the network, as 
shown in Fig. 5. The network’s shallow feature map and 
deep feature map were joined to make the network more 
sensitive to small targets and improve the identification 
effect of small target pathogen spores. The experimental 
results showed that although the calculation and storage 
cost were increased to a certain extent, the identification 
performance of the small target of pathogen spores was 
significantly improved after adding the detection head.

Neck using content-aware reassembly features
Feature upsampling is a key operation in convolutional 
neural networks, which can help the network extract fea-
ture information effectively and improve the recognition 
accuracy. CARAFE is a lightweight universal upsampling 
operator, which can use adaptive and optimized recom-
bination cores at different locations to obtain better per-
formance than the original upsampling operation, and 
increase the acceptance field to ensure lightweight, so 
that the network can aggregate context information in a 
large receiving domain [27]. Zeng et al. introduced light-
weight conttion-sensing recombination module opera-
tors into the decoding module for upsampling to improve 
the feature extraction capability of rice diseases and 
image segmentation accuracy [28]. Mbouembe et al. used 

Fig. 6  The structure of the content-aware reassembly features module

 

Fig. 5  The structure of YOLOv8 adding a small object detection layer
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CARAFE to replace the conventional upsampling opera-
tor in the model to generate feature maps containing 
more semantic information, improving the accuracy of 
the model to distinguish overlapping tomatoes [29]. Due 
to the complex background of pathogenic spores micro-
scopic images collected in natural scenes such as bubbles, 
leaf cells and fungi, this study introduced CARAFE in 
the neck layer of the network to enhance the ability of 
the network to extract pathogenic spores under complex 
background.

As shown in Fig. 6, CARAFE is mainly divided into two 
main modules, namely the upsampled kernel prediction 
module and the feature recombination module. Assum-
ing the upsampling rate is σ , given an input feature graph 
with the shape of C × H × W , first use the upsampled 
kernel prediction module to predict the upsampled ker-
nel, and then use the feature recombination module to 
complete the upsampled kernel, and obtain the output 
feature graph with the shape of C × σ H × σ W . In the 
upsampled kernel prediction module, the channel com-
pression of the feature graph is first carried out. For the 
input feature graph with shape C × H × W , a 1 × 1 
convolution is used to compress the channel number to 
Cm , which is mainly to reduce the calculation amount of 
the following steps. Second, assuming that the size of the 
upsampled kernel is kup × kup , if we want to use a differ-
ent upsampled kernel for each position of the output fea-
ture map, we need to predict the shape of the upsampled 
kernel as σ H × σ W × kup × kup . For the compressed 
input feature graph in the first step, it uses a convolution 
layer of kencoder × kencoder  to predict the upsampled ker-
nel, the number of input channels is Cm , the number of 
output channels is σ 2k2

up , and then we expand the chan-
nel dimensions in space dimension to get the upsampled 
kernel of shape σ H × σ W × k2

up . Finally, we use soft-
max to normalize the upsampled kernel obtained in the 
second step, so that the weighted sum of the convolu-
tion kernel is 1. In the feature recombination module, for 
each position in the output feature map, we map it back 
to the input feature map, take out the kup × kup  region 
centered on it, and dot the predicted upper sample ker-
nel of the point to get the output value. For a given fea-
ture map X  of size C × H × W  and an upsampling 
rate σ , CARAFE will generate a new feature map X′  of 
size C × σ H × σ W . For any target location l′ = (i′ j′) 
of output X , there is a corresponding source position 
l = (i, j) in the input X , in which i = [i′/σ] , j = [j′/σ]. 
Among them, the formula of the reorganization step and 
the formula of the reorganization is given below as (1–2).

	 wl′ = ψ (N (xl, kencoder))� (1)

	 x′
l′ =? (N (xl, kup) , wl′ )� (2)

Where N(xl, k) denotes the k × k  subregion of X  cen-
tered at position l .

Optimized C2F module with global context attention module
The C2F module is one of the core components of 
YOLOv8, which plays a key role in improving model 
performance and accuracy. It mainly adopts the design 
concept of BottleNeck, dividing characteristics into two 
parts. One part reserves and does not handle any Bottle-
Neck, and the other deals with them through a number 
of bottlenecks, each of which is divided into two chan-
nels. One is to pass processed characteristics to the next 
BottleNeck. One BottleNeck is reserved for subsequent 
concat, and all features are merged after n bottlenecks. 
The C2F module enables the model to capture the com-
plex features of the image better. Due to the rich feature 
information of pathogen spores, it is necessary to main-
tain these rich features and identify spore features in the 
global information in the detection task. However, noise 
and impurities in the image will hinder the extraction of 
context features. In addition, convolution has the feature 
of local perception, which can only model the context of 
local regions, resulting in limited receptive fields. Global 
context attention is a new attention mechanism proposed 
by the GCNet network [30], which is lightweight and can 
effectively model the global context. The main idea is to 
calculate a general attention map and apply it to all posi-
tions on the input feature map, which greatly reduces 
the computation and ensures good performance. Choi et 
al. introduced Global Context attention into the model 
to extract and summarize global scene information to 
improve the robustness of the model [31]. Therefore, this 
study introduces the Global Context module to optimize 
the C2F block to overcome the shortcomings of convolu-
tion focusing on local features and enhance the aggrega-
tion of global context information in the extracted spore 
features, which is conducive to improving the network’s 
ability to maintain the detailed features of pathogen 
spores.

The structure diagram of the Global Context (GC) mod-
ule is shown in Fig. 7. Firstly, the global feature descrip-
tion is obtained through the context modeling part Wk
, the 1 × 1 convolution and softmax function are used 
to extract the attention weight, the attention modeling 
is realized by matrix multiplication, and then the inter-
channel dependence is captured through the convolution 
layer Wv1 and Wv2. Layer Normalization + ReLU  
is inserted between the two 1 × 1 convolutions for fea-
ture exchange. Finally, the residual connection is used to 
fuse the global context with the features of each position 
to obtain the context feature information. Adding a GC 
module can effectively model global context information 
while ensuring lightweight and improving the network’s 
ability to extract spore features.



Page 8 of 16Zhu et al. Plant Methods          (2024) 20:131 

Evaluation metrics
In this study, Mean Average Precision (mAP), Model 
size, floating point operations (FLOPs), and Parameters 
were used as evaluation indicators to evaluate the ability 
of different models to detect pathogen spores in natural 
scenes.

Average Precision (AP) reflects the mean value of each 
point in the interval of 0 − 1 recall rate, and the area 
enclosed by the curve and the two coordinate axes on 
the P-R curve is the AP value of the detection target. P 
is the precision rate as shown in (3), R is the recall rate 
as shown in (4), and the AP value is calculated as shown 
in (5). True Positive (TP) and False Positive (FP) are the 
number of true and false positive samples, respectively, 
and False Negative (FN) and True Negative (TN) are the 
number of false and true negative samples.

	
P =

TP

TP + FP
� (3)

	
R =

TP

TP + FN
� (4)

	
AP =

∫ 1

0
(P · R)dR � (5)

mAP represents the average AP of n categories, and the 
value of mAP ranges between [0, 1]. The closer the mAP 
is to 1, the higher the model’s accuracy. The mAP value is 
calculated as shown in (6).

	
mAP =

n∑

1

(
APi

n
) � (6)

Model size refers to the storage capacity required to 
store a trained model, generally measured in Mega. The 
model size depends on the architecture of the network, 
the number of parameters, and the format in which 
the model is saved. A larger model size usually means a 
more complex network structure or a larger number of 
parameters.

FLOPs refer to the total number of floating-point oper-
ations performed during the reasoning or training of a 
network and are a measure of the number of floating-
point operations performed during the execution of a 
computer program or algorithm. In deep learning, FLOPs 
are usually used to measure the computational complex-
ity or computation amount of a neural network model 
and are one of the important indicators to evaluate the 
computational efficiency and speed of the model.

The parameter refers to the number of trainable 
parameters in the neural network, which is used to rep-
resent the spatial complexity of the model. It will directly 
affect the complexity and storage requirements of the 
model and also affect the training and reasoning speed 
of the model. The parameter number includes the weight 
parameters and bias parameters of each layer.

Experimental results and discussion
Experimental setting details
The hardware configuration used in this study is shown 
in Table  2. The number of samples in each batch was 
set to 32, and 300 iterations were carried out. SGDmo-
mentum optimizer was adopted, and the momentum 
value was 0.937. The initial learning rate was 0.01. To 
prevent instability of the model due to a larger learning 
rate, Warmup was selected to Warmup the learning rate 
so that the learning rate of several epochs at the begin-
ning of training was smaller, and warmup_epochs = 3.0 
was set. In addition, HSV (Hue, Saturation, Value) color 
gamut transformation combined with random left and 
right flips was used for random online data enhancement 
of the dataset, and the HSV three-channel values were 
0.015, 0.7, and 0.4, respectively.

Table 2  Experiment configuration
Experimental environment Configuration
operating system Windows 11
processor 13th Gen Intel Core i9-13900KF
memory 64 GB
graphics card NVIDIA GeForce RTX4090
GPU acceleration library CUDA 11.7
deep learning framework Pytorch1.13.0

Fig. 7  The structure of the global context attention module(Where C  
represents the number of channels of the feature map, H  and W  are the 
height and width of the feature map, respectively, and r  is the channel 
compression ratio)
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Detection results of YOLOv8 series
The YOLOv8 network consists of five versions of dif-
ferent sizes, namely YOLOv8n, YOLOv8s, YOLOv8m, 
YOLOv8l, and YOLOv8x. In this study, the five mod-
els were trained under the condition that the data set 
and parameters were the same, and the test results were 
shown in the table. As seen from Table  3, pathogen 
spores’ detection accuracy gradually increases as the 
model scale increases, and the model size and opera-
tion time also increase. After a comprehensive analysis 
of mAP, model size, FLOPs, and parameters, YOLOv8n 
model size, FLOPs, and parameters are the small-
est. However, the detection accuracy is also the lowest; 
the mAP is only 87.3%. YOLOv8x achieved the highest 
mAP at 89.7%, but its model size, FLOPs, and param-
eters reached 136.7  M, 257.4G, and 68.1 × 106, respec-
tively. Compared with YOLOv8n, which has the smallest 
model and lowest complexity, the accuracy of YOLOv8s 
is improved by 0.7%, and the model size is increased 
by 16.3  MB. Compared with YOLOv8x, which has the 
highest accuracy, although the accuracy of YOLOv8s is 
1.7% lower, the model size, FLOPs, and parameters are 
reduced by 114.2 MB, 229G, and 57 × 106. Compared with 
YOLOv8m and YOLOv8l, YOLOv8s reduces the model 
size by 30.5  MB and 65.1  MB, respectively, at 0.3-0.4% 
mAP loss. Therefore, in the case of balancing detection 
accuracy and model complexity, YOLOv8s was selected 
as the benchmark model for pathogen spore detection in 
this study.

Ablation experiment
To verify the effectiveness of the improved part in 
improving the accuracy of pathogen spores, this study 
conducted an ablation experiment analysis on the pro-
posed network, and the results are shown in Table  4; 
Fig. 8. As can be seen from the table, after adding a small 
detection layer (SD) (YOLOv8s-a), although the run-
ning cost is slightly increased and FLOPs is increased 
by 8.2G, the corresponding mAP is increased by 3.5%, 

and the model size and parameters are also reduced by 
0.8 M and 0.5 × 106 respectively. This shows that adding 
a small target detection layer can effectively increase the 
network’s sensitivity to small targets and enhance the 
feature extraction ability for small target spores. On this 
basis, after using the Global Context module to optimize 
C2F (YOLOv8s-b), the mAP of the network increases by 
0.4% while maintaining the lightweight, which indicates 
that the Global Context block effectively improves the 
detection accuracy of the network for pathogen spores 
by modeling global context information. After introduc-
ing CARAFE (GCS-YOLOv8), the detection accuracy 
of pathogen spores was further improved at the cost of 
increasing the model size by 1.1 MB and FLOPs by 4.1G. 
Finally, a mAP of 0.926 was obtained, indicating that the 
CARAFE block enhances the recognition ability of fea-
tures in a larger receptive field. In summary, the gradual 
introduction of SD, GC attention module, and CARAFE 
upsampling module into the model can significantly 
improve the detection accuracy of the model against the 
three pathogens, and the performance of GCS-YOLOv8 
is the best, which also proves the effectiveness of the 
addition of SD, GC module and CARAFE for the detec-
tion of pathogen spores and the complementarity of the 
three components.

As can be seen from Fig.  8, our proposed model has 
a high recognition performance for powdery mildew 
spores and gray mold spores, with AP reaching 93.5% and 
96.8% respectively, among which gray mold spores have 
the highest detection accuracy. This is because gray mold 
spores have more easily distinguishable morphological 
characteristics, and gray mold spores have fewer mor-
phological changes in different growth stages. In contrast, 
the variation of powdery mildew spores and fusarium 
spores was greater. Due to the loss of water in the air, the 
conidia of powdery mildew will have great morphological 
changes, and the center of the spores will become hollow 
and transparent until they are completely hollow, and the 
spores will begin to deform. Spores of fusarium wilt have 
different sizes and forms at different growth stages. Mor-
phological differences between small conidia and large 
conidia may confuse the model, leading to some missed 
detection. It can be seen that spore morphological differ-
ences will have a certain impact on model detection, and 
the identification accuracy of spores with large character-
istic changes and high diversity is low. The identification 

Table 3  Detection results of YOLOv8 series
Model mAP(%) Model size(MB) FLOPs(G) Parameters(×106)
YOLOv8n 87.3 6.2 8.1 3.0
YOLOv8s 88.0 22.5 28.4 11.1
YOLOv8m 88.3 52.0 78.7 25.8
YOLOv8l 88.4 87.6 164.8 43.6
YOLOv8x 89.7 136.7 257.4 68.1

Table 4  Detection results of the ablation experiment
Model SD GC CARAFE mAP(%) Model Size(MB) FLOPs(G) Parameters(×106)
YOLOv8s 88.0 22.5 28.4 11.1
YOLOv8s-a √ 91.5 21.7 36.6 10.6
YOLOv8s-b √ √ 91.9 21.7 36.7 10.6
GCS-YOLOv8(proposed) √ √ √ 92.6 22.8 40.8 11.1
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accuracy of pathogen spores with little characteristic 
change was relatively high.

Compared to the classical model
Compared with traditional detection methods, the one-
stage target detection model has greater advantages in 
detecting pathogen spores with higher accuracy and 
speed. To further verify the detection performance of 
GCS-YOLOv8 for pathogen spores, several classical tar-
get detection models such as Faster R-CNN [32], YOLOX 
[33], YOLOv5, YOLOv7 [34], and YOLOv8 were trained 
in this study. At the same time, to ensure the fairness of 

the experimental results, the same hardware configura-
tion is used for training during the experiment, and the 
obtained results are shown in Table 5; Fig. 9.

In terms of detection accuracy, the model proposed 
in this study performs the best, which is 42.6%, 11%, 
6.4%, and 4.6% higher than YOLOX, YOLOv5, YOLOv7, 
and YOLOv8s in mAP, respectively, and has the highest 
mAP. At the same time, the model size and FLOPs are 
only 22.8  MB and 40.8G, respectively. This is because 
the small target detection layer can enhance the charac-
teristic information of the network on the small target 
pathogen spores, and the C2F module optimized by the 
GC block enables the network to model the global con-
text information and improve the detection accuracy of 
the pathogen spores in complex scenes. The introduction 
of the CARAFE upsampling module enables the network 
to further focus on extracting the correct characteristics 
of pathogen spores while maintaining light weight. In 
addition, the performance of YOLOv8s is second only 
to that of GCS-YOLOv8, which is also why YOLOv8s is 
selected as the base model for optimization in this study. 
In terms of overall performance, although the number 
of parameters and computation of GCS-YOLOv8 has 

Table 5  Detection results of the identification experiment
Model mAP(%) Model 

Size(MB)
FLOPs(G) Parame-

ters(×106)
Faster R-CNN 67.4 313.8 108.38 82.3
YOLOX 50.0 13.0 26.8 9.0
YOLOv5 81.6 14.4 16.0 7.0
YOLOv7 86.2 74.8 103.2 36.4
YOLOv8s 88.0 22.5 28.4 11.1
GCS-
YOLOv8(proposed)

92.6 22.8 40.8 11.1

Fig. 8  The detection results of the ablation experiment of various fungal spores
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been improved compared with YOLOX, YOLOv5, and 
YOLOv8, it can meet the requirements of lightweight 
and real-time detection required for pathogen spore 
detection within an acceptable range. Therefore, with a 
complex background and small pathogen spore target, 
GCS-YOLOv8 has the best detection effect. In summary, 
it can provide reliable theoretical support for the early 
detection and prevention of fungal diseases.

Visualization of detection models and results
In order to verify the effectiveness of the model proposed 
in this study, the detection results of the model GCS-
YOLOv8 proposed in this study were visually compared 
and displayed with the benchmark model YOLOv8s 
when the dataset was the same (Fig. 10). As can be seen 
from the figure, compared with YOLOv8s, the model 
GCS-YOLOv8 proposed in this study can efficiently 
detect more pathogen spores in natural scenes, and the 
accuracy of small targets has been improved. YOLOv8s 
has different degrees of missed detection for pathogen 
spores at the edge, and the model GCS-YOLOv8 pro-
posed in this study can significantly reduce the missed 
detection rate of spores and effectively improve the 
accuracy of fungal spores detection. Due to the complex 
background and excessive impurities in the microscopic 

images of pathogen spores collected in the natural scene, 
YOLOv8s makes it difficult to extract accurate features 
of spores, resulting in misdetection and missed detec-
tion. However, the model proposed in this study can 
identify pathogen spores with unclear features and detect 
adhered pathogen spores, and the number of missed 
detections is correspondingly reduced. For the pathogen 
spores with large individual morphological differences, 
the model proposed in this study can also achieve a bet-
ter recognition effect. Therefore, in the natural scene, our 
proposed model has better spore detection ability, espe-
cially in the face of complex background, diverse spore 
individual morphology, and serious adhesion of pathogen 
spores, which can effectively improve recognition accu-
racy. Therefore, the model proposed in this study pro-
vides a feasible method for identifying pathogen spores 
in natural scenes.

To make deep convolutional neural networks interpre-
table, an XAI method is used in this study to interpret the 
model’s predictions [35]. The heatmaps of YOLOv8s and 
GCS-YOLOv8 were mapped using Gradient-weighted 
Class Activation Mapping (Grad CAM) to visualize 
areas of interest and considered important to the net-
work. As can be seen from Fig. 11, compared with GCS-
YOLOv8, YOLOv8 cannot accurately focus on the region 

Fig. 9  Bubble diagram of the effect of different models in recognizing pathogen spores in natural scenes (bubble area represents model size)
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of pathogen spores, especially in the case of complex 
background, so it cannot learn the correct characteristics 
of pathogen spores well. At the same time, the heatmap 
of GCS-YOLOv8 shows that it can focus and cover the 
region of small target pathogen spores well. This indi-
cates that it is more sensitive to small goals and thus has 
better small-goal learning ability. Therefore, the reliability 
of the model GCS-YOLOv8 proposed in this study is also 
verified.

Robustness test
Due to the different environmental states in the shoot-
ing process, the brightness of the image will change sig-
nificantly in the actual process of image acquisition. In 
order to further evaluate the robustness of the model, 
this study generated images of different brightness by 
adjusting the RGB channel ratio of microscopic images of 

pathogen spores in the test set, so as to verify the recog-
nition performance of pathogen spores under both dim 
and bright conditions (Table 6). As shown in Fig. 12, the 
recognition effect of the model is better in dim scenes. 
In contrast, the recognition accuracy of the model was 
slightly reduced in the high-light scene, because the 
shape and texture features of the pathogen spores in the 
microscopic images were weakened (Fig. 13). However, in 
general, light conditions have little effect on spore detec-
tion, and the model proposed in this study can meet the 
needs of accurate recognition under various light condi-
tions in natural scenes.

Generalization test
There are many kinds of fungal diseases in the natu-
ral environment. In order to verify the effectiveness of 
the model in identifying other types of fungus and the 

Fig. 10  Visual display of pathogen spore recognition results in a natural scene (where (a) are microscopic image examples of three kinds of pathogen 
spores, (b) are detection effects of YOLOv8s, and (c) are detection effects of GCS-YOLOv8)
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generalization ability of the model, this study conducted 
transfer training on 709 microimage data of cucumber 
downy mildew infection structure collected in the actual 
scene and tested on the test set. As can be seen from 
Table 7, compared with the YOLOv8s benchmark model, 
the model proposed in this study can achieve a better 
recognition effect and has good generalization.

Conclusions and future work
In this study, we built a microscopic image dataset of 
cucumber spores. The dataset contained 484 images and 
31,629 spore samples, including 163 images of powdery 
mildew, 161 images of gray mold, and 160 images of 
fusarium wilt. Aiming at the problems of small targets, 
diverse morphology, complex background, and seri-
ous adhesion of pathogen spores, the pathogen spore 
detection model GCS-YOLOv8 was constructed. In this 
study, a new Backbone module is constructed, which 
uses the Global Context block to optimize the C2F mod-
ule, effectively models global context information, uses 
the CARAFE up-sampling module in the Neck, and 
adds a small target detection layer in the Head layer. The 
network’s performance to detect the small target and 
polymorphic pathogen spores in the actual scene was 
effectively improved. The experimental results show that 

Table 6  Identification results of the robustness test
Pathogen AP(%) natural scene dusk light
AP of powdery mildew pathogen 93.5 92 91.3
AP of the fusarium wilt pathogen 87.4 87.3 81.7
AP of gray mold pathogen 96.8 96.2 95.6
mAP 92.6 91.8 89.5

Fig. 11  Heatmap of YOLOv8s and GCS-YOLOv8 drawn by Grad CAM (where (a-c) shows the microscopic images of spores of three bacteria, the heatmap 
of YOLOv8s and the heatmap of GCS-YOLOv8 respectively)
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the proposed model is superior to the comparison detec-
tion model. On this basis, this study adopted an XAI 
method to explain the model’s prediction. Grad CAM 
heatmaps showed that GCS-YOLOv8 could accurately 

focus and locate the spore region of small target fungus, 
thus extracting correct spore characteristics and informa-
tion, which also verified the reliability of GCS-YOLOv8 
in pathogen spore recognition. Finally, the robustness of 

Fig. 13  Robustness test results in bright conditions. (a) powdery mildew spores (b) fusarium spores (c) gray mold spores

 

Fig. 12  Robustness test results under dim conditions. (a) powdery mildew spores (b) fusarium spores (c) gray mold spores
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the constructed model was tested under different bright-
ness conditions, which verified that the model had good 
robustness, and it was also proved that the model had a 
good generalization effect on the microscopic images of 
spores, sporangium, and sporulation structure of downy 
mildew of cucumber. Therefore, this study provides a fast 
and accurate method of pathogen spore identification for 
microscopic images collected in actual field scenes and a 
feasible scheme for early prediction prevention and con-
trol of fungal diseases.

In the future, we will further optimize the model to 
identify the morphological characteristics of pathogen 
spores in the infection process to improve the practica-
bility and generalization of the model.
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