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ABSTRACT

To address the low speed and limited accuracy of tomato maturity detection in complex greenhouse
environments characterized by dense distribution, overlap, and occlusion, this study proposes YOLOv11n-
SDS, an improved algorithm based on YOLOv11n. The key enhancements include: (1) a Spatial Pyramid
Depthwise Separable Convolution (SPD-Conv) module; (2) the integration of a Deformable Large-Kernel
Attention (DLKA) mechanism into the backbone C3K2 module; and (3) a Semantic and Detail Injection (SDI)
module replacing the Concat operation in the neck network. These improvements enhance the detection of
small and low-resolution targets, as well as occluded fruits under challenging lighting and background
conditions. Experimental results show that YOLOv11n-SDS improves mAP@0.5 by 2.4%, recall by 1.3%, and
precision by 3.2%, while maintaining a low computational cost of 9.1 GFLOPs. Compared with existing models,
including RT-DETR, Faster R-CNN, SSD, and other YOLO variants, the proposed model achieves a superior
balance between accuracy, efficiency, and practical applicability. Furthermore, the model was deployed and
validated on a mobile robotic platform in a greenhouse environment, enabling real-time tomato maturity
detection and 3D target localization. These results demonstrate its strong potential for practical applications,
such as ripeness monitoring and harvesting-oriented perception.
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INTRODUCTION

Tomatoes are highly valued for their rich nutritional content and flavor, making them one of the most
extensively cultivated crops in China (Collins et al., 2022; Gonzali et al., 2021). Currently, manual harvesting
remains the predominant method, which is characterized by high cost, low efficiency, and significant labor
shortages during peak seasons. The realization of efficient automated harvesting therefore relies on accurate
and robust target detection technology (Chen et al., 2025; Liu et al., 2024). However, in natural orchard
environments, tomato fruits are frequently occluded by leaves and branches, grow in dense clusters, and are
presented against complex backgrounds. Moreover, their appearance is highly sensitive to varying lighting
conditions, making the precise identification of maturity stages particularly challenging.
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Consequently, the development of a detection algorithm capable of rapid and accurate maturity
assessment is crucial for advancing automated tomato harvesting systems.

In recent years, the swift evolution of deep learning technology has led to substantial improvement in
agriculture, particularly in the classification of fruit and vegetable maturity and precise detection, showcasing
the considerable benefits of intelligent harvesting (Hua et al., 2022). Presently, the predominant algorithms in
object detection comprise one-stage detection algorithms grounded in regression and two-stage detection
strategies reliant on candidate areas. Two-stage detection methods initially provide possible item candidate
regions, subsequently followed by categorization and positional refining of these regions. Common algorithms
comprise R-CNN (Girshick et al., 2014), Fast R-CNN (Girshick et al., 2015), and Faster R-CNN (Ren et al.,
2015). Seo D et al., (2021), proposed a real-time robotic detection system utilizing Faster R-CNN for monitoring
tomato growth, employing a color model resilient to varying lighting circumstances to establish an image-based
standard for tomato fruit ripening. Wang Z et al., (2022), developed an enhanced Faster R-CNN model, MatDet,
for the detection of tomato maturity. They utilized RolAlign during the feature mapping phase to get more
precise bounding boxes, hence tackling the difficulty of identifying tomato maturity in intricate environments.
Wang C et al., (2023), proposed an R-CNN model for tomato recognition and segmentation, utilizing the Swin
Transformer as the backbone network to improve feature extraction. This method not only accurately identifies
tomatoes among cherry tomato varieties but also differentiates various maturity stages. Although these
methods exhibit remarkable accuracy and robustness, they are hindered by substantial processing demands,
considerable disk space requirements, and extended detection periods, rendering them inappropriate for real-
time field applications.

Single-stage detection algorithms directly anticipate item categories and locations within photos,
bypassing the generation of candidate regions, exemplified by the YOLO series. In contrast to two-stage
detection algorithms, single-stage methods provide expedited detection rates and enhanced scalability,
rendering them more appropriate for real applications. SN Appe et al., (2023), developed a tomato identification
model with YOLOVS, incorporating the CBAM attention mechanism into the network architecture to proficiently
identify overlapping tiny tomatoes, attaining an average accuracy of 88.1%. This investigation encountered
difficulties due to limited detection precision. Miao et al., (2023), proposed an enhanced lightweight YOLOv7-
based approach for detecting the maturity of cherry tomatoes. Experiments revealed that this lightweight model
attained visually acceptable outcomes, with the enhanced model's mean average precision (mAP) rising by
0.1%. Wu et al., (2024), presented the MTS-YOLO model, attaining a mAP@0.5 of 92.0% for the identification
of tomato maturity and stems. Wang S et al., (2024), proposed an enhanced YOLOVS8 algorithm for detecting
tomato maturity in intricate environments, attaining a mean Average Precision (mAP) of 86.9% and a recall
rate of 82.0%. These investigations on YOLO-based enhancement algorithms further corroborate the
adaptability of the YOLO series and illustrate the framework's significant compatibility and versatility.

Presently, despite the notable advancements in maturity detection algorithms, their accuracy remains
significantly inadequate when utilized for tomato maturity assessment. This is especially applicable in intricate
environmental conditions, including leaf and stem obstruction, fruit overlap, and light interference, as well as
when identifying neighboring fruits with comparable maturity traits. This manuscript suggests enhancements
to the YOLOv11n algorithm. The incorporation of Spatial Pyramid Depthwise Separable Convolution
(SPDConv) and Deformable Large Kernel Attention (DLKA) into the backbone network, together with the
substitution of the Concat module in the neck network with an SDI module, improves the model's
responsiveness to geometric deformations of occluded tomatoes. This efficiently mitigates intricate lighting
and background disturbances, markedly enhancing detection precision for diminutive tomato targets.

MATERIALS AND METHODS
DATA SAMPLE COLLECTION AND DATASET CREATION

The tomato image data were collected from a tomato picking garden located in the suburbs of Hohhot,
where standardized cultivation techniques are applied. Considering that varying angles can impact recognition
accuracy, 1,650 tomato images were photographed under diverse weather and lighting conditions to ensure
dataset diversity and representativeness. These images encompassed different shooting angles, distances,
mixed maturity levels, fruit occlusions, and overlapping foliage. Greenhouse tomatoes under various conditions
are shown in Figure 1.
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To enhance the diversity of training data, prevent model overfitting, and improve model generalization,
data augmentation was applied to the collected raw images. This included randomly combining techniques
such as rotation, scaling, cropping, noise addition, and brightness adjustment, expanding the dataset to 4,650
images. Tomato images were manually annotated using the Labellmg tool. Following national standards, the
tomato dataset was categorized into three stages: green stage (red coverage 0-40%), semi-ripe stage (red
coverage 40%-70%), and ripe stage (red coverage 70%-100%), labeled as green, salmon pink, and red,
respectively. To meet the training requirements of the detection model, image pixels were resized to 640x640.
The ratio of the training, validation, and test sets was set to 7:1:2.

a. Fruit occlusion b. Front light

e. overlapping foliage

angles
Fig. 1 - Images of tomatoes in a greenhouse in different scenes

IMPROVEMENTS TO THE TOMATO OBJECT DETECTION MODEL
YOLOv11n OBJECT DETECTION MODEL
This paper utilizes YOLOv11n as its foundational model, showcasing its architecture in Figure 2.
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Fig. 2 - Structural diagram of the improved YOLOv11

The YOLOv11 model is constructed based on the CSP network and enhances the C2F module of
YOLOVS8 by introducing the C3K2 module. By utilizing the C3K2 module as the core structure for feature
extraction and fusion, the ability of the model to capture key features and recognize detailed object
characteristics is significantly strengthened, thereby improving its flexibility and configurability (Zhihao et al.,
2025). It retains the Spatial Pyramid Pooling (SPPF) module. Furthermore, building upon the original YOLOv10
architecture, the PSA module following SPPF is upgraded to the C2PSA module to further enhance the model's
feature extraction capabilities.
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YOLOv11 incorporates the head design philosophy of YOLOv10, employing depthwise separable
convolutions to reduce redundant computations and improve efficiency (Gan et al., 2025). Selectively
introducing residual structures optimizes gradient propagation, further enhancing training effectiveness.
YOLOv11 strengthens its feature extraction capabilities and boosts overall performance by integrating
attention mechanisms and feedforward neural networks. Compared to previous YOLO models, YOLOv11
demonstrates outstanding performance (Sapkota et al., 2025). The YOLOv11 series comprises five distinct
architectures: YOLOv11n, YOLOv11s, YOLOv11m, YOLOv11l, and YOLOv11x. The primary distinction
among these variants lies in the configuration of feature extraction modules and convolutional filters at specific
positions within the network. From YOLOv11n to YOLOv11x, both the model size and the number of
parameters progressively increase.

IMPROVED YOLOV11N OBJECT DETECTION MODEL

The improved model architecture is illustrated in Figure 3. The improved model architecture is
illustrated in Figure 3. The convolutional layers of the backbone network are restructured using Spatial Pyramid
Depthwise Separable Convolution (SPD-Conv) to establish a multi-scale feature fusion mechanism. This
mechanism effectively optimizes the model, enhancing its detection performance for low-resolution images
and small objects. Within the backbone network, the original attention mechanism is replaced with Deformable
Large-Kernel Attention (DLKA). By dynamically adjusting the sampling positions of large convolutional kernels,
this approach enhances the model's adaptability to geometric deformations of occluded objects. For the feature
concatenation layer in the neck network, a Spatial Depth Interaction (SDI) module is introduced. This module
enhances the contextual relevance of important features through cross-level feature interaction and channel
reweighting mechanisms, thereby improving the model's robustness to complex lighting conditions.
Simultaneously, it reduces the model's dependence on background noise, significantly boosting detection
accuracy and scene adaptability.
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Fig. 3 - Improved YOLOv11n object detection module

SPD-Conv module

In tomato detection under complex conditions, the accuracy for small targets such as unripe tomatoes
remains considerably lower than for normal-sized objects. Small targets occupy fewer pixels and provide
limited background information during training. Moreover, they often appear together with larger objects, which
tend to dominate the learning process, leading to missed detections of smaller instances and reduced reliability
of convolutional neural networks. This issue stems primarily from the use of strided convolutions and pooling
layers in conventional architectures. While these operations work well for high-resolution images with
moderate-sized objects by efficiently skipping redundant pixels, they cause significant loss of fine-grained
details and impair feature learning when dealing with small, blurry targets.
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To address this issue, a space-to-depth convolution (SPDConv) module (Sunkara et al., 2022; Wenjie
et al., 2025) is introduced to replace standard convolutional layers in both the backbone and neck networks of
YOLOv11n. SPDConv captures more detailed features through sparse sampling, converting spatial
information into channel-wise information, thereby improving detection performance on small objects and low-
resolution images. The module consists of a space-to-depth (SPD) layer followed by a non-strided 1x1
convolution. As shown in Figure 4, the SPD component partitions the input feature map of size SxSxC1 into
scalexscale sub-maps of size (S/scale)x(S/scale)xC+1 using skip sampling. These are then concatenated into
a feature map of size (S/scale)x(S/scale)xscale2C1. A subsequent 1x1 convolution reduces dimensionality
while retaining critical features. With scale set to 2, this approach preserves feature map channels while halving
spatial size, maximizing feature retention and effectively improving the discrimination of small targets from
background interference.

Deformable-LKA Module

In tomato maturity recognition, variations in fruit shape, size, and orientation, as well as geometric
deformations caused by leaf occlusion, require the model to have strong local feature extraction capabilities.
The conventional attention mechanism in the C3K2 module employs a fixed receptive field, which limits its
ability to handle occluded targets and accurately represent deformed tomato features. To overcome this
limitation, a Deformable Large Kernel Attention (DLKA) module (Jigang et al., 2025) is introduced, as illustrated
in Figure 5.
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Fig. 5 - Deformable-LKA module
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The DLKA leverages large-kernel attention to infer target information from broader contextual cues,
while deformable convolutions allow the sampling grid to adaptively adjust through learnable offsets derived
from the feature maps. This adaptability enables the generation of feature-specific convolutional kernels,
enhancing the clarity and accuracy of target boundaries. As a result, the model improves its capability to
segment and identify tomatoes against complex backgrounds and better captures features from deformed
objects. By integrating the DLKA into the C3K2 module of the YOLOv11 backbone network, the model focuses
more effectively on key characteristics of tomato fruits, thereby increasing detection accuracy and robustness
for occluded targets.

The deformable large kernel attention structure is defined as shown in Equation (1) (Azad et al., 2024):

{Attention = Convl X 1(DDW — D — Conv(DDW — Conv(F"))) 1)
Output = Convl X 1(Attention®F") + F

The input features are denoted by F € R*H*W  F’ € GELU(Conv(F)). DDW-Conv represents the
Deform-DW two-dimensional convolution operation in the figure, while DDW-D-Conv denotes the Deform-DW-
D two-dimensional convolution operation. The operator ® signifies element-wise multiplication.

SDI Module

To address the challenges of complex lighting variations and background interference in tomato
maturity detection under greenhouse conditions, this study introduces an improved feature fusion module for
the YOLOv11 model. Conventional concatenation operations often fail to effectively distinguish fruit features
from background noise when integrating multi-level features, resulting in increased misdetection under
challenging conditions such as backlighting and leaf occlusion. To overcome this limitation, a Semantic and
Detail Injection (SDI) module, adapted from the UNetV2 architecture (Peng et al., 2025; Meng et al., 2025), is
proposed. The module employs a dual-path design to enhance feature integration. In the semantic path, a
channel attention mechanism dynamically weights high-level features, emphasizing color attributes associated
with maturity. Input features are first compressed using global average pooling to obtain channel-wise
statistics, followed by two fully connected layers that generate adaptive channel weights. In the detail path, an
enhanced spatial attention mechanism utilizes parallel max-pooling and average-pooling operations to capture
textural details of the tomato surface. Combined with 3x3 convolutions, this mechanism produces spatial
weight maps that prioritize retaining fine details near the calyx region. The fusion stage employs the Hadamard
product to enable deep interaction between semantic and detail features. To facilitate network optimization,
the SDI module incorporates residual connections to mitigate feature degradation in deep layers. By leveraging
both spatial and channel attention mechanisms, the module effectively aggregates multi-level features,
enriching semantic representation and preserving structural details while strengthening the model's resistance
to interference. The overall architecture of the SDI module is depicted in Figure 6. These improvements not
only enhance detection accuracy but also bolster the model's robustness in complex environments.
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RESULTS AND ANALYSIS
Test environment

This study was conducted in a standardized experimental environment. The operating system used
for training and evaluation was Windows 11, with a 13th Gen Intel® Core ™ i7-13620H CPU (2.40 GHz), an
NVIDIA GeForce RTX 4060 Laptop GPU, and 16 GB of RAM.

The implementation was based on Python 3.9.19 and the PyTorch 2.3.0 deep learning framework,
with CUDA version 11.8. The image data were subjected to standardized preprocessing procedures, including
resolution adjustment and data augmentation, to reduce potential bias and improve model generalization. The
experimental platform adhered to reproducibility and verifiability principles in parameter configuration, ensuring
the reliability of the experimental results and the reproducibility of the research findings (JunMao et al., 2025;
Liging et al., 2025).

Evaluation indicators

To evaluate the effectiveness of the improved YOLOv11n network architecture, this study selected
precision (P), recall (R), average precision (AP), mean average precision (mAP), model parameter count
(Parameters), model floating-point operations per second (FLOPs), and frames per second (FPS) as metrics to
assess the model's recognition performance. Precision represents the proportion of true positive instances
among all instances classified as positive by the model, while recall reflects the percentage of actual positive
instances correctly identified by the model relative to the total number of actual positives. Mean Average
Precision (mAP), one of the most critical evaluation metrics for multi-class detection tasks, provides a unified
performance measure across all categories, comprehensively reflecting the model's detection capabilities
across different classes. Here, mAP@0.5 denotes the average precision at an intersection-over-union ratio of
0.5 Model parameters refer to the number of weights and biases requiring learning within the model. Model
floating-point operations describe the model's computational efficiency, representing the number of floating-
point operations executed per second. FPS reflects the model's inference speed. The calculation formula is

as follows:
Tp

P =% 100% (2)
R = T,,TTPFN X 100% 3)
AP = ['P(R)dR (4)
mAP = Z=12P® (5)

3
In the equation, TP denotes true positives (the number of correctly predicted positive samples), FP
signifies false positives (the number of incorrectly predicted positive samples), and FN represents false

negatives (the number of missed positive samples). n=3 corresponds to the three classification levels of tomato
maturity.

Ablation Test

To validate the rationality and effectiveness of the three improved modules based on the YOLOv11n
model and their final combination, ablation tests were conducted on different combinations of these
improvements under consistent testing environments and parameters to ensure fairness. The test results are
shown in Table 1.

Table 1
Dissolution test results

Precisi .

Model SPDConv|c3k2 DLKAl sDI on Recall |MAP@Q0.5 Parameter quantity| FLOPs FPS
- o (R)/ % 1 % IM 1G
(P)! %

YOLOv11n x x x 91.7 90.2 93.4 2.58 8.3 51.21
A v x x 93.9 89.6 94.1 3.08 8.1 61.24
B x \ x 94.7 92.2 94.7 3.35 8.9 60.80
C x x v 94.5 88.1 94.5 2.63 7.7 53.86
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Precisi .

Model SPDConv|C3K2_DLKA| SDI on Recall |MAP@Q0.5 Parameter quantity| FLOPs FPS
(R) % 1% M /G
(P)! %

D v \ x 94.3 91.3 95.3 4.31 8.8 65.36
E v \ 93.3 88.5 94.6 3.11 8.3 61.24
F x \ \ 94.5 88.9 94.9 3.15 8.5 58.07
YOLOv11n-SDS v N x 94.9 91.5 95.8 3.28 9.1 71.12

As summarized in Table 1, the ablation study was conducted to evaluate the contribution of each
proposed module. In Experiment A, the SPD-Conv module was integrated into the YOLOv11n backbone,
resulting in a 0.7% increase in mMAP@0.5 and a 2.2% gain in precision, though recall decreased by 0.6%.

This suggests that the module strengthens the model's ability to detect low-resolution images and
small tomato targets, though the lack of contextual optimization limits overall performance gains. Experiment
B replaced the original attention mechanism with the C3K2_DLKA module, leading to a 1.3% improvement in
mAP@0.5 and a 3.0% rise in precision, indicating that the deformable large-kernel sampling strategy improves
adaptability to occluded and deformed tomatoes, thereby enhancing localization accuracy. Experiment C
introduced the SDI module, which brought a 1.1% increase in mMAP@0.5 and a 2.8% gain in precision, although
recall decreased by 2.1%, reflecting a trade-off between context-aware feature refinement and detection
coverage.

Precision-Recall Curve Precision-Recall Curve

—— green 0.944
salmaon pink 0.928
—— red 0.929

\ —— all classes 0.934 MAP@0.5
0.8 \ 0.8

—— green 0.953
salmon pink 0.955
red 0.967
= all classes 0.958 MAP@0.5

\
0.6+ 0.6

Precision
Precision

0.4+ 0.4

0.0 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Recall Recall

Fig. 7 - PR Curve of YOLOv11n Fig. 8 - PR Curve of YOLOv11n-SDS

In Experiment D, the combined use of SPD-Conv and C3K2_DLKA modules yielded a 1.9%
improvement in mAP@Q0.5, demonstrating their functional complementarity, though contextual modeling
remained suboptimal. Experiment E, which combined SPD-Conv and SDI, achieved a 1.2% gain in mAP@Q0.5,
indicating that the SDI module further enhances the multi-scale feature representation from SPD-Conv,
particularly for small targets in complex backgrounds. Experiment F, integrating C3K2_DLKA and SDI, led to
a 1.5% increase in mMAP@Q0.5, illustrating that semantic enhancement from SDI synergizes with geometric
deformation modeling from C3K2_DLKA, significantly improving robustness under occlusion.

The full model incorporating all three modules achieved a 2.4% improvement in mAP@Q0.5, a 3.2%
gain in precision, a 1.3% increase in recall, and a 20.09 FPS improvement over the baseline YOLOv11n. This
configuration effectively balances detection performance and lightweight efficiency, making it suitable for real-
world agricultural applications. The precision-recall (PR) curves of YOLOv11n-SDS and the baseline, shown
in Figures 7 and 8, confirm the consistent performance improvement across different confidence thresholds,
validating the effectiveness of the proposed approach in tomato maturity detection.

COMPARATIVE TEST

To evaluate the performance of the proposed YOLOv11n-SDS model in detecting tomato fruit ripeness,
a comparative analysis was conducted between the improved model and mainstream object detection
algorithms under consistent experimental conditions. The experimental results are presented in Table 2.
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Table 2
Comparison results of different models
Model Precision/% Recall/% MAP@0.5/% Parameters/M FLOPs/G
RT-DETR 87.8 83.1 86.6 18.95 54.7
Faster-RCNN 79.2 77.6 88.7 89.31 240.2
SSD 87.8 87.1 90.4 25.64 65.3
YOLOv5n 89.2 83.5 90.2 2.89 8.8
YOLOv6Nn 85.0 85.0 81.7 4.16 13.5
YOLOv8n 90.3 81.3 89.9 2.98 8.9
YOLOv10n 89.3 85.7 92.9 3.45 10.1
YOLOv11n 91.7 90.2 93.4 2.58 8.3
YOLOv11n-SDS 94.9 91.5 95.8 3.28 9.1

Experimental results demonstrate that the improved YOLOv11n-SDS model attains a precision of
94.9%, a recall of 91.5%, and a mAP@0.5 of 95.8%. It exceeds the mAP@0.5 performance of competing
models—RT-DETR, Faster-RCNN, SSD, YOLOv5n, YOLOv6n, YOLOv8n, YOLOv10n, and YOLOv11n—by
margins of 9.2%, 7.1%, 5.4%, 5.6%, 14.1%, 5.9%, 2.9%, and 2.4%, respectively, while also leading in both
precision and recall. The model maintains high efficiency, with a parameter count of 3.28 M and computational
cost of 9.1 GFLOPs.

A comparative analysis with the lightweight YOLOv5n shows that a minimal increase of 0.39 M
parameters and 0.3 GFLOPs yields a substantial 5.4% gain in mAP@Q0.5, underscoring the model's optimal
balance of accuracy, lightweight design, and computational efficiency for tomato ripeness detection.

Evaluation of Testing Results

Figure 9 presents a comparative analysis of tomato maturity detection performance between the
baseline YOLOv11n and the improved YOLOv11n-SDS model. The results indicate a marked enhancement
in detection capability following the proposed improvements. Specifically, the original YOLOv11n model failed
to detect low-resolution small-sized tomatoes under strong backlighting in distant scenes, whereas YOLOv11n-
SDS successfully identified all targets. This improvement is attributed to the multi-scale feature fusion
capability of the SPD-Conv module and the enhanced contextual understanding provided by the SDI module,
which collectively improve small target detection and robustness against complex background interference.
Furthermore, in cases of tomatoes heavily obscured by leaves, the original model exhibited low confidence
scores and imprecise bounding box localization. In contrast, YOLOv11n-SDS, leveraging the robust geometric
deformation modeling capabilities of the C3K2_DLKA module, achieved more accurate localization and higher
confidence levels, thereby increasing the detection rate of occluded tomatoes. The visualization results confirm
that the proposed enhancements effectively address practical challenges such as small targets, complex
backgrounds, and occlusions, validating the efficacy of the model optimization approach.

(b) YOLOv11n-SDS Detection Results
Fig. 9 - Tomato maturity detection results
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Test verification

To further verify the practical applicability of
the proposed YOLO11n-SDS model, it was deployed on
a mobile robotic perception platform. As shown in
Figure 10, the platform consisted of a TAObotics Turtle
intelligent mobile chassis, a robotic manipulator, an
onboard computing unit, and an Intel RealSense D435i
RGB-D camera. During operation, the RealSense
D435i captured both RGB images and depth
information of the tomato plants. The RGB images were
used as the input of the proposed model for tomato
detection and maturity classification, while the depth
data were used to estimate the spatial position of the
detected targets, enabling simultaneous maturity
recognition and 3D localization. Due to the limitations of
the available experimental conditions, the practical
deployment test was conducted in a laboratory

environment. Fig. 10 - Robotic deployment platform

As shown in Figure 11, under greenhouse conditions with leaf occlusion and complex background
interference, the deployed system was able to perform online detection of tomatoes at different maturity stages
and output the target category, confidence score, and 3D coordinates in real time. In the representative
example, the average confidence score was 0.93 for red tomatoes and 0.925 for salmon-pink tomatoes. These
results indicate that the proposed model is not only effective in offline evaluation, but can also operate stably
on a robotic platform, providing useful perception support for tomato ripeness monitoring and harvesting-
oriented target localization, and demonstrating good potential for practical application.

B! YOLO11-SDS + RealSense D435i — )} X
\

A 1, =170.0, 872.0)mm

Fig. 11 - Online detection and localization results

CONCLUSIONS

This study addresses the practical needs of tomato ripeness detection in agricultural environments by
introducing three key improvements to the YOLOv11n framework: the Spatial Pyramid Depthwise Separable
Convolution (SPD-Conv) module, the Deformable Large-Kernel Attention (DLKA) mechanism within the C3K2
module, and the Semantic and Detail Injection (SDI) module.

The SPD-Conv module enhances the detection of low-resolution images and small-sized tomatoes
through multi-scale feature fusion. Experiments show that adding this module alone increases mAP@0.5 by
0.5%, demonstrating its particular usefulness in orchard settings where image quality is degraded by leaf
occlusion.
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The C3K2_DLKA module uses a deformable large-kernel sampling strategy to significantly improve
the model's adaptability to geometric variations in tomatoes, thereby raising detection accuracy under
occlusion. The SDI module reduces the interference from complex lighting and background clutter by
optimizing cross-level feature interactions.

A notable synergistic effect is observed among the three modules. The multi-scale features from
SPD-Conv provide a solid foundation for the deformation modeling in C3K2_DLKA, while the contextual feature
refinement of SDI further enhances the performance of the preceding modules. After integration, YOLOv11n-
SDS achieves a mAP@0.5 of 95.8% (a 2.4% gain over YOLOv11n), a recall of 91.5% (+1.3%), and a precision
of 94.9% (+3.2%), while maintaining high inference speed. Despite these enhancements, the model contains
only 3.28 M parameters, an increase of 1.3 M compared to the baseline, making it suitable for deployment on
resource-constrained agricultural devices.

Furthermore, the proposed YOLOv11n-SDS model was deployed and validated on a mobile robotic
platform in a greenhouse environment. The deployment results showed that the model could perform online
tomato maturity detection and output 3D target coordinates in real time under conditions with foliage occlusion
and complex background interference. This demonstrates that the proposed method is not limited to offline
image analysis, but can also provide effective perception support for tomato ripeness monitoring and
harvesting-oriented target localization. Future work will further validate the proposed method in more diverse
and large-scale practical greenhouse production scenarios to improve its robustness and generalization ability.
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