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ABSTRACT

The detection of tomatoes for automatic picking is challenging due to the dense distribution of fruit and severe
occlusions. To address this, a dataset is developed using tomato images captured in a greenhouse
environment, and an enhanced model for tomato fruit maturity detection based on YOLOv8n is proposed,
which incorporates the EMA attention mechanism and the C2f-Faster module for multi-scale feature fusion.
These additions not only improve detection accuracy but also enhance detection speed, thereby boosting the
model's robustness and generalization ability. Experimental results demonstrate that the proposed ECF-
YOLOv8n model achieves detection accuracies of 93.8%, 94.7%, 92.5% and 94.1% for immature, nearly
mature, ripe tomatoes and mean average precision in a greenhouse setting, respectively. The model's size is
4.7 MB, with GFLOPs of 6.5G. Compared to advanced models like RT-DETR, YOLOv5, YOLOv7 and
YOLOV1], the ECF-YOLOv8n model outperforms them in both detection accuracy and speed. This work
provides valuable insights for the research, development and optimization of tomato picking robots.
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INTRODUCTION

Tomato is one of the important economic crops in greenhouses. In recent years, the area of
greenhouse tomato cultivation has continued to expand. However, tomato harvesting is still primarily carried
out by humans, which is inefficient and costly. In addition, since the harvesting window for tomatoes is short,
failing to pick the ripe fruits in time directly affects both fruit quality and economic benefits (Malik et al., 2018;
Lawal et al., 2021). To achieve efficient and rapid automated tomato picking, accurate target detection is
crucial. Target detection technology provides precise information for mechanized picking, enabling the
automation of the harvesting process. Therefore, enhancing the accuracy of target detection is key to
improving picking efficiency and reducing costs (Tsai et al., 2022; Li R et al., 2023; Miao, et al., 2023).

In recent years, convolutional neural networks (CNNs) based on deep learning have become a major
research focus and have been widely applied to the identification of greenhouse tomatoes (Gao et al., 2022;
Zeng et al., 2024). Target detection algorithms are generally categorized into two main types: one-stage and
two-stage. Typical representatives of one-stage object detection algorithm include the YOLO series. The
typical representative of the two-stage object detection algorithm is the RCNN series, including Fast R-CNN,
Faster R-CNN and Mask R-CNN (Bai et al., 2024; Yin et al., 2024; Babu et al., 2024).
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This algorithm first generates a series of candidate boxes for samples and then classifies the samples
through a convolutional neural network. Compared with the one-stage algorithm, the two-stage algorithm has
a slower detection speed, and a higher algorithm complexity.

In the field of fruit and vegetable maturity detection, numerous experts and scholars both domestically
and internationally have conducted relevant research. In terms of one-stage algorithm, Fengjun et al., (2024),
addressed the issue of occlusion of Camellia oleifera fruits in natural environments by improving the original
YOLOvV7 model. They proposed a maturity detection method for Camellia oleifera fruits, providing a theoretical
basis for the intelligent harvesting of these fruits. To improve the accuracy of surface defect detection in
pinewood while maintaining detection speed, Jiwen et al., (2024), proposed an improved RT-DETR model,
RIC-DETR. Experimental results demonstrated that the RIC-DETR model achieved an accuracy of 95.4%,
offering technical support for surface defect detection in pinewood. Zheng et al. (2022) constructed a new
backbone network, R-CSPDarknet53, based on YOLOvV4 by integrating a residual neural network to establish
skip connections between the front and back layers, thereby preventing the loss of low-dimensional small
target features. In addition, by replacing the maximum pool in the original SPP network with the deep separable
convolution model, C-SPP is proposed to realize feature information reuse and multi-scale fusion. On this
basis, a tomato detection model RC-YOLOvV4 is constructed, which improves the detection accuracy of tomato
in natural environment. The test results show that the tomato detection accuracy and recall rate of RC-YOLOv4
model in natural environment are 88% and 89% respectively, the average detection accuracy is 94.44%. Appe
et al., (2023), proposed an improved YOLOV5 tomato detection algorithm. By adding CBAM convolutional
attention mechanism to the YOLOvV5 model, feature extraction and target recognition were carried out to
improve the accuracy of the model. Non-maximal suppression and distance union ratio (DloU) were APPLIED
to enhance the recognition of overlapping objects in the image. The results showed that the average accuracy
of the CAM-YOLO algorithm for the detection of overlap and small tomatoes was 88.1%.

Li P. et al. (2023), based on the requirements of the tomato maturity grading task, adopted the MHSA
attention mechanism to improve the YOLOv8 backbone, enhancing the network’s ability to extract diverse
features. The Precision, Recall, F1-score, and mAP50 of the tomato fruit maturity grading model constructed
based on MHSA-YOLOvV8 were 0.806, 0.807, 0.806, and 0.864. Solimani et al., (2024), proposed a new data
balancing method in order to overcome the problem of data imbalance. A squeezing and exciting (SE) block
attention module is integrated into the head structure of YOLOvV8 model, which significantly improves the
algorithm's ability to detect objects of different sizes in complex environments, and can effectively detect
flowers and fruits in tomato plants.

In terms of two-stage algorithm, Gao et al., (2020), addressed the issue of occlusion in apples during
the harvest period by applying the Faster R-CNN model for detecting occluded apples. Experimental results
showed that the model achieved an average detection accuracy of 80%-90% for occluded apples. Chen et al.,
(2022), integrated Gabor features into Faster R-CNN and proposed a two-stage training method based on a
genetic algorithm and backpropagation to train a new Faster GG-R-CNN model, achieving an average
precision of 94.57%. Seo et al., (2021), developed a real-time robotic detection system based on Faster R-
CNN, utilizing hue values to establish an image-based ripeness standard for tomatoes, with a recognition
accuracy of 90.2%. Fang et al., (2024), proposed a multi-target identification and localization method for tomato
plants based on the VGG16-UNet model. The average intersection and pixel accuracies of the VGG16-UNet
model after introducing the pretrained weights were 85.33% and 92.47%, respectively, which were 5.02% and
4.08% higher than those of the VGG16-UNet without pretrained weights, achieving the identification of main
branches, side branches, and axillary bud regions.

In a greenhouse environment, factors such as lighting, occlusion, and the density of plants can
complicate the accurate identification of tomato ripeness (Huigin et al., 2024), leading to low detection
efficiency. To improve the detection accuracy and speed of tomato ripening in greenhouse, this study proposes
an enhanced YOLOvV8n object detection algorithm. By incorporating the EMA attention mechanism, the model
reduces sensitivity to noise and outliers, while the C2f-Faster module enables multi-scale feature fusion, thus
improving both detection accuracy and speed for tomatoes. To account for the complexity of greenhouse
tomato scenes, images of tomatoes are captured under various weather conditions, lighting angles, and
shooting perspectives, ensuring the dataset's richness and diversity. Additionally, preprocessing and image
augmentation techniques are applied to enhance dataset quality, making it better suited for tomato fruit
detection in greenhouse environments. This research provides valuable target information for tomato-picking
robots and offers a theoretical foundation for automated harvesting.
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MATERIALS AND METHODS
DATA SAMPLE COLLECTION AND DATASET CREATION
Data Sample Collection

The tomato image data were collected from a tomato picking garden located in the suburbs of Hohhot,
where standardized cultivation techniques are applied. To ensure the diversity of the dataset, enhance the
model's robustness, and improve its generalization ability, images of tomatoes were captured at different times
of day, across various stages of ripeness, from different angles, at varying distances, and under different

lighting conditions (Wang et al., 2024). A total of 2,080 images, each with a resolution of 640x640, were
selected for the dataset, as shown in Figure 1.

g. Overhead shot h. Horizontal shot i Wih obstruti6
Fig. 1 - Images of tomatoes in a greenhouse in different scenes

Dataset Preparation

The creation of the dataset primarily involved two key processes: image annotation and dataset
categorization. The Labellmg annotation tool was used for manual labelling of the image data, following the
YOLO dataset annotation format. According to the national standard GH/T1193-2021, the maturity of tomatoes
can be divided into unripe stage, green ripe stage, colour change stage, early red ripe stage, mid-red ripe
stage and late red ripe stage. Specifically, tomatoes in the mid-red ripe stage and late red ripe stage have a
red surface coverage of 40%-60% and 70%-100%, respectively. In the greenhouse, only mid-red and late-red
ripe tomatoes are harvested (Zhao, 2024).
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Fig. 2 - Tomato image annotation
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In this paper, the labelled targets, i.e. the tomato fruits to be detected, are divided into three categories:
Tomato fruits in the unripe, green-ripe, colour-changing, and early red-ripe stages, i.e. tomatoes with less than
40% red surface coverage, are classified as unripe and labelled as green; mid-ripe tomatoes with 40% to 60%
red colouring on the fruit surface are classified as almost ripe and are labelled as salmon pink; late-ripe
tomatoes with 70% to 100% red colouring on the fruit surface are classified as mature and labelled as red. The
image annotations are illustrated in Figure 2. Upon completion of the annotation process, a corresponding text
file (*.txt) for each image was generated, linking the image name with the txt file name. The labelled dataset
was then split into training, validation, and test sets in a 7:1:2 ratio, with 1456 images for training, 208 images
for validation, and 416 images for testing.

FRUIT MATURITY DETECTION MODEL OF TOMATO

YOLOVvV8 algorithm is the Yolo series target detection algorithm launched by Ultralytics. It is an upgrade
based on the historical version of the Yolo series. The network composition of YOLOv8 mainly includes four
parts: Input, Backbone, Neck and Head. Backbone is the network part used to extract image features in
YOLOVS8. It uses a series of convolution and deconvolution layers to extract features, and also uses residual
connections and bottleneck structures to reduce the size of the network and improve performance. The neck
part plays a role in feature fusion in YOLOVS. It uses multi-scale feature fusion technology to fuse feature maps
from different stages of the backbone to enhance feature representation capabilities. The head part is
responsible for the final target detection and classification tasks.

YOLOvV8 has five different structures, namely YOLOv8m, YOLOvVS8I, YOLOv8x, YOLOv8n, and
YOLOv8s. These models differ only in depth and width. The basic structure of these models is four parts. In
order to meet the requirements of lightweight and real-time detection, while ensuring high detection accuracy
and detection speed, YOLOv8n which has a relatively low complexity is chosen as the base model. It can
achieve faster recognition speed and smaller storage occupancy while ensuring high detection accuracy, which
is conducive to deployment on mobile devices (Hussain et al., 2023). Based on YOLOv8n, an improved ECF-
YOLOv8n network model structure is proposed, and the EMA attention mechanism is introduced. By
reconstructing some channels into batch dimensions and grouping the channel dimensions into multiple sub-
features, the EMA attention mechanism can reduce information loss while keeping the tensor size unchanged,
and enhance the model’s ability to capture spatial semantic features. The C2f-Faster-EMA module is also
responsible for fusing feature maps of different scales to generate more representative feature representations.
This feature fusion process may be achieved through upsampling, downsampling, splicing and other
operations to ensure that the model can fully utilize multi-scale information to improve detection performance.
While keeping the YOLOv8n model lightweight, the detection performance and speed of the model are
improved. The improved ECF-YOLOv8n structure is shown in Figure 3.

Note: Conv is a convolution
operation; C2f-Faster-EMA is
efficient multi-scale feature
extraction. Conv2d is a two-
dimensional convolution; BN is
batch normalized; SiLu is the
Sigmoid weighted linear
combinatorial activation function;

: i |Concat is a splicing operation;
[corrome va BEl———»|  oeteat i |UPSample for upsampling; SPFF is

i 1 [afast space pyramid pooling
o P i [structure
concat [ 20]
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Fig. 3 - Structural diagram of the improved YOLOv8n
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EMA Attention Mechanism

EMA attention mechanism is a new type of efficient multi-scale attention method, which focuses on
retaining information on each channel and reducing the amount of computation, as shown in Figure 4.

EMA is an attention weight descriptor that uses three parallel paths to extract grouped feature maps.
Two of the parallel routes are located in the 1x1 branch, and the third parallel route is located in the 3x3
branch. In order to reduce the amount of computation and obtain the dependencies between channels at the
same time, cross-channel information interaction is established in the channel direction.

In this structure, output represents the output plane of the input features, input represents the input
plane of the input features, and k represents the kernel size. Accordingly, the G group is reshaped to the batch
dimension and the input tensor is redefined as C//GxHxW. The two encoded features are connected in the
height direction of the image and share the same 1x1 convolution without dimensionality reduction 1x1 branch
(Xu et al., 2024). After decomposing the output of the 1x1 convolution into two vectors, two nonlinear sigmoid
functions are used to fit the 2D Binomial distribution on the linear convolution. In order to realize the different
cross-channel interaction features between the two parallel paths in the 1x1 branch, the attention maps of the
two channels are aggregated within each group by a simple multiplication. On the other hand, the 3x3 branch
captures the local cross-channel interaction through 3x3 convolution to expand the feature space. In this way,
EMA not only encodes inter-channel information to adjust the importance of different channels, but also
embeds the precise spatial structure information into the channel (Yang et al., 2024).
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Fig. 4 - EMA module
C2f module

C2f module consists of a convolution block, which receives the input feature map and generates an
intermediate feature map. The C2f module structure diagram is shown in Figure 5. The generated intermediate
feature map is split into two parts, one part is directly passed to the final “Concat block”, and the other part is
passed to multiple “Bottleneck blocks” for further processing. The feature map input to the "Botleneck block"
is processed through a series of convolution, normalization and activation operations, and the final feature
map is concatenated with the directly passed feature map in the "Concat block". In the C2f module, the number
of “Bottleneck modules” is defined by the “depth multiple” parameter of the model, that is, the depth and
computational complexity of the module can be adjusted according to the needs. The concatenated feature
maps are input into a final convolutional block for further processing to generate the final output feature map.

caf = cBs | split | +{ Bottleneck

Bottleneck

Bottleneck

Fig. 5 - C2f module

C2f-Faster Module

In the target detection task, due to the relatively simple structure of the C2f module and the lack of a
dedicated acceleration mechanism, it exhibits a low detection speed when processing large-scale data sets or
performing real-time detection. In order to solve this performance bottleneck, a new neural network, FasterNet,
was introduced. FasterNet has shown significant advantages in achieving fast target detection due to its
excellent running speed and optimized design.
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There is a new partial convolution (PConv) in the FasterNet module, as shown in Figure 6 (c). The
core function of partial convolution (PConv) lies in its flexibility and adaptability to data missing. Compared with
traditional convolution, partial convolution does not mechanically apply the same convolution kernel to all parts
of the input data. Instead, it dynamically determines the scope of the convolution kernel based on the validity
of the data, that is, whether the data points are missing or damaged.

When partial convolution (PConv) processes a convolution window, it first checks the data points within
the window. For valid, non-missing data points, PConv applies the convolution kernel like a regular convolution
operation. However, for missing or invalid data points, PConv will choose to ignore them and not include them
in the convolution calculation. This flexibility means that the actual area of action of the convolution kernel may
be different in each convolution window. This depends entirely on the completeness and distribution of the
data in the window. In this way, partial convolution not only improves the robustness to missing data, but also
more effectively extracts and utilizes the remaining valid information. By reducing redundant computation and
memory access at the same time, spatial features can be extracted more efficiently. Each FasterNet
(FasterBlock) module has a PConv layer followed by two Convlx1 layers. Together, they are shown as an
inverted residual block, where the intermediate layers have an expanded number of channels and shortcut
connections are placed to reuse input features.

PGP PGP 57

(a) Convolution (b) Depthwise/Convolution (c) Partial Convolution

& Input/output /Filter  * Convolution  —»Identity
Fig. 6 - Three different convolution structures

The intermediate feature map generated by the fusion of the C2f module and FasterNet is split into
two parts, one part is directly passed to the final Concat block, and the other part is passed to multiple
FasterBlock blocks for further processing. The C2f-Faster module structure diagram is shown in Figure 7. The
feature map input to the FasterBlock is further processed through a series of partial convolution, normalization
and activation operations. At this time, the FasterBlock is more efficient and faster than the Bottleneck due to
the existence of the partial convolution layer. The final feature map will be concatenated with the directly
transmitted feature map in the Concat. The concatenated feature map will be input to a final convolution block
for further processing to generate the final output feature map.
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Fig. 7 - C2f-Faster module

C2f-Faster-EMA Module

Although C2f-Faster speeds up the detection speed, some convolution operations will cause some
information loss, resulting in a decrease in detection accuracy, which cannot meet the requirements of tomato
maturity detection in a greenhouse. Therefore, the EMA (Efficient Multi-scale Attention) attention mechanism
is integrated in the C2f-Faster module, forming the C2f-Faster-EMA module, as shown in Figure 8.

The C2f-Faster-EMA module enhances the model's focus on key features, allowing it to more
accurately identify target objects during detection, thereby improving overall detection accuracy. At the same
time, the acceleration characteristics of FasterNet enable the C2f-Faster-EMA module to significantly reduce
computational complexity and time consumption during target detection, speeding up the detection process.
The FasterEMA module consists of a partial convolution layer (PConv) followed by a Sequential module
comprising a multi-layer perceptron (MLP). This Sequential module includes a CBS module and a convolution
layer (Conv2d). To further enhance the model's generalization ability and effectively prevent overfitting,
DropPath regularization strategy is introduced. Specifically, DropPath randomly selects a subset of paths
within each feature map and sets the weights of these paths to zero. This reduces the number of effective
paths, thereby decreasing the model's parameter count and improving its robustness.
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The Droppath operation can be applied to each feature map of every convolutional layer, with the
pruning probability dynamically adjusted during training to control the extent of pruning. Finally, the EMA
attention mechanism, incorporated into the C2f-Faster-EMA, enhances the feature fusion capability of the C2f
module. By introducing a more complex network structure and attention mechanism, the model is able to learn
more rich and comprehensive feature representations. These representations not only improve detection
accuracy but also contribute to the model's robustness in more complex scenarios.

C2ffasterE [ cBs | smn l—-{ FasterEMA
FasterEMA 1

n

"""""" FawEMA
Fig. 8 - C2f-Faster-EMA module
Test environment
The operating system used for trial and training is Windows 11, the CPU is 12th Gen Intel(R) Core(TM)
i5-12500H 3.10 GHz, the GPU is NVIDIA GeForce RTX 3060 Laptop GPU, and the running memory is 16G.
CUDA version is 12.0, and is implemented using Python 3.10.14 under the PyTorch2.1.0 deep learning
framework.

Evaluation indicators

Seven indicators were used to evaluate the maturity detection model of tomato fruit, namely precision
(P), recall (R), average precision (AP), and mean average precision (mAP), model parameters, detection speed
and memory usage. The calculation formulas of P, R, AP and mAP are as follows.

= - x 100% (1)
TP

R=_— FN x 100% (2

AP = fo P(R)dR (3)

mAP = m 4

N
where, Tp represents the number of positive samples predicted as positive samples, that is, the number of

correctly predicted tomato ripening levels; Fp represents the number of negative samples predicted as positive
samples, that is, the number of falsely predicted tomato ripening levels; Fy represents the number of negative
samples predicted as negative samples, that is, the number of tomato ripening level is incorrectly predicted;
AP represents the P(R) curve made by using the Recall value as the X axis and the Precision value as the Y
axis. The area of the measurement is the accuracy of identification of a certain category; mAP represents the
average value of each category of AP, and measures the average quality of all categories.

RESULTS
IMPROVED TEST RESULTS OF YOLOV8N MODEL

In order to verify the effect of the improved YOLOv8n model, the accuracy P of the improved YOLOv8n
model reached 93.7%, the recall R was 83.7%, and the average accuracy mean mAP was 94.1% for the 416
tomato frmt |mages d|V|ded |nto the test set. Some of the detection results are shown in Flgure 9.

Fig. 9 - Improved YOLOv8n model detection results
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COMPARISON OF IMPROVED YOLOVS8N ABLATION EXPERIMENT PERFORMANCE

In order to better analyse the detection performance of the improved YOLOv8n model on tomato fruit
maturity, ablation test was performed using YOLOv8n as the basic model to verify the optimization effect of
each improved module. The optimization effect of each improvement point is evaluated using precision (P),
recall (R), mean average precision (mAP), parameter quantity, floating point operations per second (FLOPs)
and memory usage. The results of the ablation test are shown in Table 1.

Table 1
Ablation test results
Green Colour Red MAP50 [Parameter quantity | FLOPs | Memory usage
Model mature change mature Y M G MB
(P)/% (P)/% (P)/% °
YOLOvV8n 94.5 89.6 91.9 91.9 3.0 8.1 5.6
v8n-C2f-Faster 92.2 90.5 95 92.9 2.3 6.3 4.6
v8n-C2f-Faster-CGLU 93.2 92.7 87.1 93.2 2.2 6.2 4.5
v8n-C2f-Faster-EMA 93.8 94.7 92.5 94.1 2.3 6.5 4.7

The analysis results show that the proposed ECF-YOLOv8n model with the C2f-Faster-EMA module
has significantly reduced the parameters, floating point operations amount and memory usage of the model
compared with the YOLOvV8n basic model, which improves the computing and storage efficiency. The detection
precision (P) has also been increased, with the average of the mean average precision (mAP) increased by

2.2 percentage points, and the parameter quantity, floating point operations per second (FLOPs), and memory
usage have been reduced by 23.33%, 19.75%, and 21.52%, respectively. This shows that the ECF-YOLOV8n
model is maintaining high detecting rate, the model is lightweighted. Although the proposed ECF-YOLOV8n
model with fusion C2f-Faster-EMA module has slightly increased the mean average precision (MAP)
compared with the model with fusion C2f-Faster and C2f-Faster-CGLU. The average value has increased by
1.3 and 0.9 percentage points respectively, with a valuable increase, which can achieve accurate and efficient
identification of tomato fruits by picking robots in greenhouse, and is more conducive to the picking of tomato
picking robots.

COMPARATIVE TEST RESULTS OF IMPROVING YOLOV8N MODEL

In order to evaluate the detection effect of the ECF-YOLOv8n model proposed in this paper on tomato
fruit maturity, three algorithms, YOLOv5, YOLOv7, YOLOv11, and RTDETR, were selected for performance
comparison under the premise of consistent experimental conditions. The comparison results are shown in
Table 2.

Table 2
Comparison results of different models

Model Precision Recall p?/tlai?gic?:e(?ii) Fr:;r::isnger Parameter quantity | FLOPs | Memory usage
P) % (R)/ % % (FPS) /M /G / MB
RT-DETR 87.5 82.1 87.6 87.0 19.9 56.9 40.5
YOLOvV5 90.0 85.0 88.7 263.6 7.1 15.8 14.4
YOLOv7 915 87.2 94.3 145.8 37.9 104.1 73.8
YOLOv11 90.1 87.9 93.3 107.5 2.58 6.3 4.6
Ecf-YOLOv8n 93.7 83.7 94.1 335.1 2.3 6.5 4.7

As shown in Table 2, the ECF-YOLOv8n model achieved a precision (P) of 93.7%, a recall (R) of
83.7%, and a mean average precision (mAP) of 94.1%. Compared to other detection models, the ECF-
YOLOv8n model demonstrates improved performance in greenhouse tomato maturity detection. Compared
with the mean average precision (MAP), the RT-DETR, YOLOvV5 and YOLOv11 models were improved by
6.5%, 5.4% and 0.8%. respectively, indicating that ECF-YOLOvV8n has higher precision in the detection of
tomato maturity in greenhouses The ECF-YOLOv8n model has decreased by 0.2% compared with the
YOLOv7 model in terms of the mean average precision (MAP), but the parameter quantity and memory usage
of ECF-YOLOvV8n are much smaller than that of YOLOV7, and the detection rate is faster.
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The average frame of ECF-YOLOV8n reaches 335.1 frames/s, which is far higher than YOLOv?7,
showing that it has better efficiency and better real-time detection capabilities. Overall, ECF-YOLOv8n has
shown balanced and excellent performance in detection performance, resource use and detection rate, and
has better effect on the detection of tomato maturity in greenhouses.

Test verification

Owing to the constraints of test conditions, time, and other factors, a laboratory-based experiment
was conducted to evaluate the detection performance of the enhanced ECF-YOLOv8n model for tomato
maturity recognition. The results indicated that the average recognition accuracy of the improved ECF-
YOLOv8n model for tomatoes reached 91%, which satisfies the requirements for greenhouse tomato
harvesting. Future testing will be conducted in real-world greenhouse environments to improve the model's
adaptability in complex scenarios, thereby better aligning it with the requirements of intelligent agriculture.
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Fig. 10 - Tomato ripeness identification results

CONCLUSIONS

This paper improves the tomato maturity model based on the Yolov8n model, and realizes rapid and
accurate detection of the tomato maturity in greenhouses. The main conclusions are as follows:

1) This paper proposes an ECF-YOLOv8n model based on the Yolov8n model. The precision (P) of
this model for detecting the maturity of tomato is 93.7%, the recall (R) is 83.7%, and the mean average
precision (MAP) is 94.1%. Through the ablation test results, it can be seen that the improved ECF-YOLOvV8n
model has a mean average precision (MAP) increase of 2.2% compared with the original YOLOv8n model,
and has decreased by 23.33%, 19.75%, and 21.52% respectively in terms of parameter quantity, floating point
operations per second (FLOPs), and memory usage, respectively. This indicates that the method proposed in
this paper, which integrates the EMA attention mechanism and introduces the C2f-Faster module for multi-
scale feature fusion, improves the speed of tomato maturity detection while maintaining high detection
precision. It enables fast and accurate assessment of tomato maturity in greenhouse.

2) The C2f-Faster-EMA module is introduced into the backbone and head parts of the Yolov8n model
to improve the network feature extraction capability. Compared with mainstream models such as RT-DETR
YOLOV5 and YOLOv11 models, the mean average precision (MAP) is increased by 6.5%, 5.4% and 0.8%.
respectively, and the experimental results show that the improved ECF-YOLOv8n model has a fast detection
speed and high precision, which basically meets the real-time and efficient work of picking robots, and provides
a theoretical basis for tomato picking technology.

3) In the laboratory environment, the detection performance of the enhanced ECF-YOLOv8n model for
tomato ripeness identification was evaluated. The results demonstrated that the improved model achieved an
average identification accuracy of 91%, meeting the requirements for greenhouse tomato harvesting.
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