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Abstract

Greenhouse tomato detection faces critical challenges due to dense fruit occlusion, back-
ground interference, and the stringent computational constraints inherent to edge-deployed
harvesting robots. Resolving these bottlenecks requires efficient architectures. We propose
LGD-YOLO as an asymmetric lightweight network adapted from YOLOv10n specifically
for edge-based tomato maturity detection. The architecture integrates a C2{-GMKSF mod-
ule utilizing grouped multi-kernel convolutions to extract multi-scale textures with limited
computational overhead. Precise feature alignment under occluded conditions is subse-
quently achieved through a Dy-HSFPN structure, accompanied by a C2{-CFCGLU module
that expands the receptive field while preserving linear complexity. Furthermore, replacing
the traditional detection head with a partial convolution head reduces memory access costs.
A Focaler-Wise-SloU loss function is utilized to stabilize bounding box regression against
the lightweight penalty without introducing inference latency. Performance evaluations on
a custom three-class dataset with a 180-image test set yield an 88.0% mAP@50. Relative
to the baseline model, LGD-YOLO improves detection accuracy by 0.6 percentage points
while shrinking the parameter volume by 37.6% to 1.41 M and lowering computational
demand by 41.5% to 3.8 GFLOPs. Hardware deployment on an NVIDIA Jetson AGX
Orin achieves a sustained processing speed of 40.6 FPS, while the weight file is 2.99 MB,
supporting its feasibility for real-time agricultural robotics.

Keywords: tomato detection; maturity detection; YOLOvV10; lightweight model; edge
deployment; greenhouse agriculture

1. Introduction

Tomato represents one of the most extensively cultivated and economically vital
solanaceous vegetables in global protected agriculture, playing a crucial role in the in-
ternational vegetable trade [1,2]. The rapid expansion of protected horticulture over the
past two decades has popularized large-scale intensive greenhouse tomato cultivation.
Unlike traditional open-field farming, greenhouse tomatoes are typically grown using
high-density hanging vine systems for year-round production, resulting in clustered fruit
distributions and extended ripening periods where immature, turning, and fully ripe fruits
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frequently coexist on the same truss [3]. This growth pattern renders harvesting operations
highly dependent on human experience, requiring intensive labor with low efficiency.
Given the continuous agricultural labor shortage and escalating labor costs [4], developing
automated fruit detection and selective harvesting technologies serves as a critical pathway
for upgrading the greenhouse tomato industry.

Precise maturity assessment forms the foundation for targeted robotic harvesting.
Different maturity stages exhibit significant variations in quality metrics, including firm-
ness, soluble solids content, and acidity, and accurate recognition directly informs optimal
harvest timing, minimizes post-harvest losses, and improves yield estimation reliability [5].
In this study, three maturity labels were defined based on visually distinguishable sur-
face coloration (unripe, semi-ripe, and ripe), following the three-stage scheme commonly
adopted in automated harvesting studies to balance annotation efficiency and production
decision needs. Detailed annotation criteria and class labels are provided in Section 2.1.1.
Greenhouse environments, nevertheless, introduce compounded visual detection obsta-
cles. Immature tomatoes share high visual similarity with background foliage, creating
severe green-on-green interference [6]. Furthermore, dense clustering and mutual oc-
clusion, combined with overlapping stems and leaves, cause blurred edge contours and
localized information loss [7]. Compounding these visual challenges, agricultural robots
equipped with vision systems operate under strict power and computational constraints.
Conventional deep convolutional neural networks provide high accuracy but often suffer
from substantial inference latency and energy consumption, rendering them unsuitable for
real-time field operations [8,9]. Achieving high-precision and low-latency tomato detection
under the dual constraints of complex greenhouse environments and limited edge resources
remains a primary challenge for autonomous agricultural harvesting.

Existing deep-learning studies for agricultural object detection can be organized ac-
cording to two coupled requirements: reliable perception in visually complex crop canopies
and computational feasibility on mobile platforms [10]. Two-stage algorithms represented
by Faster R-CNN [11] and Mask R-CNN [12] establish high-precision benchmarks in com-
plex scenarios. In tomato-related applications, Faster R-CNN has been adapted for green
and red tomato maturity assessment, achieving 96.14% average precision in its experimental
setting [13], while Mask R-CNN has been used to segment mature green greenhouse toma-
toes with an F1 score of 92.0% [14]. These methods demonstrate the value of deep feature
extraction for maturity perception; however, their region-proposal pipelines, large param-
eter volumes, and computational overhead restrict deployment on resource-constrained
mobile robotic platforms requiring real-time responsiveness.

For real-time harvesting scenarios, one-stage detectors are generally more suitable
because they eliminate explicit region proposal and offer faster inference [15]. The YOLO
series has therefore been widely used for agricultural fruit detection [16,17], particularly
for small targets, occlusion, and maturity-related visual variation. Lawal employed an
improved YOLOv3 with a MixNet backbone for tomato counting in natural scenes [18];
Miao et al. designed a YOLOv5-based method for tomato maturity estimation and stem
localization [19]; Zhao et al. proposed Ta-YOLO, integrating multi-dimensional attention
and an improved bounding box loss to mitigate missed detections of small tomatoes under
occlusion [1]. Other tomato-oriented variants, such as SE-YOLO and GAE-YOLO, further
introduced edge enhancement, Ghost convolution, and activation-function redesign to
improve accuracy and deployment potential [20,21]. Because these reported metrics were
obtained under different crop environments, maturity definitions, IoU thresholds, and
hardware platforms, they are summarized here to indicate methodological trends rather
than direct rankings. Overall, existing YOLO-based studies show that targeted architectural
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improvements can enhance feature discrimination, but many still emphasize detection
accuracy more strongly than lightweight edge deployment.

To address computational redundancy, lightweight backbone networks have been
developed by replacing standard convolutions with depthwise separable convolutions,
low-cost feature generation, or channel shuffling, as represented by MobileNetV3 [22],
GhostNet [23], and ShuffleNetV2 [24]. These designs provide foundational support for
compact agricultural perception models. In facility and robotic agriculture, lightweight
perception has also been pursued in crop-specific tasks, ranging from vision-based banana
rachis detection and cut-off-point localization for robotic operation [25] to tomato maturity
detection models such as YOLOv8n-FDE [26] and SWMD-YOLO [27]. The latter two meth-
ods improve efficiency through feature-fusion redesign, adaptive sampling, lightweight
detection heads, and compact convolutional operators. Nevertheless, many lightweight
detectors still rely on conventional post-processing and detection-head structures, leaving
memory access and terminal deployment efficiency insufficiently explored.

End-to-end detection architectures provide a complementary route for reducing de-
ployment complexity. Most YOLO-based lightweight improvements retain non-maximum
suppression (NMS) post-processing; although the exact latency contribution of NMS de-
pends on candidate-box density, confidence thresholds, and hardware implementation,
it can introduce additional post-processing cost in densely clustered crop scenes [28].
YOLOV10, proposed in 2024, removes NMS post-processing through consistent dual as-
signments and achieves end-to-end detection [29], and has recently been adopted in smart-
agriculture applications. Lu et al. proposed PGLD-YOLO for lightweight pomegranate
localization and recognition [30], Li et al. developed D3-YOLOV10 for facility-scenario
tomato detection [31], and Wu et al. proposed YOLO-PGC for tomato maturity detection
based on YOLOv11 [32]. These studies validate the potential of end-to-end or recent YOLO
architectures for agricultural detection. However, agricultural applications of NMS-free
architectures remain limited, and the detection head often still follows traditional convo-
lutional designs, which may constrain the inference-efficiency advantage expected from
NMS-free deployment.

Based on the above analysis, this study proposes LGD-YOLO, a lightweight green-
house tomato maturity detection model based on the YOLOv10n framework for edge
deployment. The main contributions are as follows:

1. A multi-maturity tomato dataset was constructed under real greenhouse conditions,
covering three operational maturity groups: unripe, semi-ripe, and ripe. Practical
factors such as illumination variation, shooting distance, fruit count, and occlusion
degree were considered, and multiple data augmentation strategies were applied to
improve sample diversity.

2. An asymmetric lightweight detection architecture was designed around three core
components. The C2f-GMKSF module uses grouped heterogeneous convolution to
strengthen fruit texture and edge extraction in shallow layers for green-on-green
interference. The C2f-CFCGLU module uses large-kernel separable convolution to
expand the receptive field in deeper layers for structural perception under occlusion.
The Dy-HSFPN combines DySample dynamic upsampling with high-level semantic
screening to improve feature alignment and reduce the influence of visually similar
background textures.

3. Hardware-aware lightweight and training-stage optimization strategies were incor-
porated. A PConv head based on partial convolution was used to reduce memory
access cost in the detection head, while the Focaler-Wise-SIoU loss function was intro-
duced to improve bounding-box optimization during training without changing the
inference structure.
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4.  The transferability of the proposed modules was evaluated by migrating the core
components to the YOLOv8n framework, providing evidence of their plug-and-play
potential under lightweight deployment settings.

2. Materials and Methods

2.1. Dataset Construction
2.1.1. Image Acquisition and Preprocessing

The greenhouse tomato cultivation facility at the Wuzhen International Agricultural
Internet Exposition Park in Zhejiang Province, China, was selected as the experimental site
for data collection, as illustrated in Figure 1a,b. The cultivated tomato variety was ‘Jiahong
No. 1’, managed under a substrate culture system with a row spacing of approximately
1.4 m and a row length of roughly 20 m. Data acquisition was conducted from 3 April to 30
May 2024, during which tomatoes at different growth stages were cultivated for market
supply. The experimental area contained 160 plants arranged in two rows, each extending
approximately 20 m. To replicate the operational perspective of an autonomous harvesting
robot, a SCOUT 2.0 (AgileX Robotics, Shenzhen, China) mobile robot platform equipped
with an iPhone 14 Pro (Apple Inc., Cupertino, CA, USA) mounted horizontally was de-
ployed for image acquisition. During collection, the robot moved at a constant speed along
each row, sequentially photographing plants from left to right and then returning from right
to left to capture the opposite viewing direction. The acquired images were subsequently
uploaded to a PC for standardization, annotation, and further processing. The camera
was securely mounted in a horizontal orientation with an adjustable height mechanism, as
depicted in Figure 2. Image collection was conducted to encompass various growth phases
of the crop. All images were captured under ambient natural illumination, incorporating
direct sunlight, partial shadows, and dynamic lighting fluctuations to enhance the diversity
of the collected dataset. The imaging process therefore reflected practical greenhouse
robotic perception scenarios rather than a clean-background laboratory setup.

50 km
e

1 A Study Site
—— Provincial Boundary N
City Boundary AN

L
118.0°E

L L L L N
120.0°E 121.0°E 122.0°E 123.0°E \\ -

(a)

Figure 1. Overview of the data acquisition environment and tomato fruit samples. (a) Geographic
location of the tomato data collection site; (b) greenhouse environment used for tomato cultivation
and image acquisition; (c—e) representative examples of tomato fruits at different maturity stages
(unripe, semi-ripe, and ripe).
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Figure 2. The SCOUT 2.0 autonomous mobile platform operating in the greenhouse environment.
The platform traverses the ridges to simulate the trajectory of robotic harvesting under real-world
unstructured conditions.

A total of 3205 raw images were collected and uniformly resized to 640 x 640 pixels
using letterbox padding to preserve the original aspect ratio. Manual annotation was
performed using the Labellmg tool (version 1.8.6). Annotation categories were defined
primarily according to external fruit color and the practical harvesting and yield-forecasting
requirements of the cooperating greenhouse farm. Specifically, fruits with predominantly
green surfaces were labelled unripe, fruits showing visible yellow-to-red transition but
not dominant red coloration were labelled semi-ripe, and fruits with dominant red surface
coloration were labelled ripe, as demonstrated in Figure 1c—e. Borderline samples were
assigned according to the dominant visible surface color and then checked during anno-
tation review to maintain label consistency. Fruit size was not used as an independent
maturity criterion; it was considered only when separating visible fruit instances during
bounding-box annotation. All visible fruits, including those partially occluded by leaves or
stems, were annotated using minimum bounding boxes.

2.1.2. Dataset Partitioning and Augmentation

The collected dataset was partitioned into training, validation, and testing sets con-
taining 2826, 199, and 180 images, respectively, based on chronological acquisition order
and environmental diversity. Images from the same acquisition sequence were assigned
to the same subset where possible to reduce leakage caused by visually similar adjacent
frames. Table 1 details the distribution of images and annotated bounding boxes across dif-
ferent maturity categories within each subset. The statistical analysis reveals a pronounced
class imbalance, with unripe tomatoes predominating the dataset with 82,710 instances,
whereas semi-ripe and ripe instances are substantially less frequent, totaling 1682 and
6157 instances, respectively. Furthermore, a significant proportion of the targets exhibit
small spatial scales coupled with partial occlusions, presenting an additional confound
for precise maturity recognition. To avoid masking minority-class behavior, class-specific
precision, recall, mAP@50 and mAP@50:95, together with confusion-matrix analysis, are
reported in Section 3.3.

To mitigate the effects of class imbalance and enhance model adaptability to variable
imaging conditions, several offline data augmentation techniques were applied to both the
training and validation sets after the train and validation split. These operations included
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random rotation and translation, horizontal flipping, illumination adjustment, Gaussian
noise injection, and localized spatial cutout. For geometric transformations, bounding-box
coordinates were transformed consistently with the image transformation; boxes were
clipped to the valid image region, and severely truncated boxes were removed when the
remaining visible area was insufficient for reliable annotation. Photometric transformations,
including brightness variation and Gaussian noise, preserved the original box coordinates.
The reported test metrics were calculated only on the original, non-augmented test images.
Representative examples of the augmented images are illustrated in Figure 3.

Table 1. Composition of the Tomato Maturity Dataset.

Dataset

Number of Images

Number of Bounding Box

Total Unripe Ripe Semi-Ripe

Training set 2826 80,324 73,449 (91.44%) 5415 (6.74%) 1460 (1.82%)
Validation set 199 5568 5074 (91.13%) 414 (7.44%) 80 (1.44%)
Test set 180 4657 4187 (89.91%) 328 (7.04%) 142 (3.05%)

Complete dataset 3205 90,549 82,710 (91.34%) 6157 (6.80%) 1682 (1.86%)

v

(d) Brightness variation (e) Gaussian noise (f) Partial-view occlusion

Figure 3. Visualization of data augmentation strategies applied to the training set. (a) Original
image; (b) rotation and translation; (c) horizontal flip; (d) brightness variation; (e) Gaussian noise
injection; (f) partial-view occlusion. For geometric transformations, bounding boxes were trans-
formed consistently with the image geometry; photometric transformations preserved the original
box coordinates.

2.2. LGD-YOLO Lightweight Detection Architecture

To improve tomato detection on resource-constrained edge computing platforms, this
study develops LGD-YOLO, an asymmetric lightweight model built upon YOLOv10n.
The method is motivated by the practical conflict between preserving fine-grained fruit
boundaries under occlusion and reducing computation and memory access for edge-
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deployed agricultural robots. Therefore, the architecture is organized around task-specific
modifications to the shallow backbone, neck, detection head, and training loss.
Compared with YOLOv10n, C2{-GMKSF is inserted into the shallow backbone to
preserve texture and edge cues, Dy-HSFPN replaces the original feature-fusion path to
improve content-aware alignment, C2f-CFCGLU is used at selected neck fusion nodes to en-
large contextual modeling, and PConv is applied to the P3/P4/P5 detection heads to reduce
prediction-stage computation. The Focaler-Wise-SloU loss is used only during training to
adjust the bounding-box optimization objective and does not change the inference graph.
The novelty of this design lies not in claiming each operator as a new standalone
module, but in the task-oriented integration and placement of these techniques within an
NMS-free lightweight framework for greenhouse tomato maturity detection. Grouped
convolutions, large-kernel depthwise convolutions, dynamic upsampling, and partial con-
volution have been explored in other contexts; in LGD-YOLO, they are reorganized accord-
ing to an asymmetric principle that allocates shallow computation to texture preservation,
neck computation to feature alignment and semantic screening, and head computation to
memory-efficient prediction. This design choice is intended to balance green-on-green dis-
crimination, occlusion-aware feature fusion, and edge-device efficiency. The overall archi-
tecture is illustrated in Figure 4, with each module detailed in the subsequent subsections.

BottleNeck_GMKS!

__________ Add Conv
&Norm
Convolutional
GLU
GMKSFConv

(o)

Output

Figure 4. Overall architecture of the proposed LGD-YOLO model. The backbone combines C2f-
GMKSF for shallow texture extraction and C2f-CFCGLU for deep contextual encoding, the neck
uses Dy-HSFPN for dynamic feature alignment, and the P3/P4/P5 detection heads use PConv for
memory-efficient prediction.
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2.2.1. C2f-GMKSF: Shallow Multi-Scale Feature Extraction Module

Greenhouse tomato images often contain unripe fruits whose boundaries and color-
texture cues are close to surrounding leaves and stems; therefore, the shallow backbone
must preserve fine fruit-edge information without relying on dense high-resolution convo-
lution [33]. C2f-GMKSF is inserted into the shallow backbone to replace the corresponding
standard C2f block in YOLOv10n, as illustrated in Figure 5. Different from the original ho-
mogeneous C2f processing, C2f-GMKSF groups channels and applies heterogeneous kernel
sizes to different branches. The key mechanism is to represent local fruit boundaries and
nearby cluster context in parallel while avoiding the use of large kernels on all channels.

Divide M groups for linear operations

A 4
! Channel feature
Feature graph fusion
convolution operation \

Conv A
Conv —— o e Conv e
Standard Convolution
. Pointwise
Iuput Convolution OUtput
A
An
L — e ———— ]

Figure 5. Schematic structural topology of the Grouped Multi-Kernel Spatial Fusion (GMKSF) unit.

Given an input feature map X € R&*H*W GMKSF first partitions the channels into
non-overlapping subgroups:

X = [Xl,XZ,...,Xm], X € R%XHXW, (1)

Each subgroup is processed by a convolutional branch with a different kernel size,
allowing the shallow backbone to represent fruit textures and local structures at multiple
scales [34]:

Yi:}'ki(xi), i:1,...,1‘n, (2)

Small kernels, such as 3 x 3, emphasize local fruit boundaries and surface texture,
whereas larger kernels, such as 5 x 5 and 7 x 7, introduce neighborhood context for clus-
tered or partially occluded fruits. The branch outputs are concatenated and fused by

pointwise convolution:
Z = P(Concat(Yy,...,Ym)). 3)

In Equations (1)—(3), X denotes the input feature map with C channels and spatial size
H x W; m is the number of channel groups; X; is the i-th grouped feature; F,; denotes the
convolution branch with kernel size k;; Y; is the branch output; P(-) is the 1 x 1 pointwise
fusion operation; and Z denotes the fused GMKSF output.

In the overall architecture, C2f-GMKSF contributes shallow texture preservation for
green-on-green scenes. The ablation study in Section 3.1 evaluates this role together with
parameter volume, GFLOPs, and FPS under the same protocol. These results support
the use of C2{-GMKSF as a lightweight shallow-feature extractor within the complete
LGD-YOLO structure, rather than as a standalone accuracy source.

2.2.2. Dy-HSFPN: Dynamic High-Level Screening Feature Pyramid Network

In dense tomato canopies, fixed upsampling and direct feature concatenation in the
original YOLOv10n neck can misalign deep semantic features with shallow fruit boundaries

https://doi.org/10.3390/agriculture16141517
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HSFPN

and may pass foliage-like texture into the detection head. Dy-HSFPN therefore replaces the
original feature-fusion path of YOLOv10n. Compared with the baseline neck, it combines
DySample-based dynamic upsampling with a high-level semantic screening branch so that
feature alignment and background filtering are performed before the fused features are
sent to the detection head [35,36].

As shown in Figure 6, this design is not intended as a new general-purpose pyramid
network; rather, it is used here to make neck-level fusion more compatible with overlap-
ping tomato fruits, where small spatial misalignments can lead to missed detections or
background confusion.

o —¢ =7
[ % )
/ N4 r_SFF

Top-down Feature Fusion with Select Feature Module

Feature Selection

(b)

Feature

Avg Pool} [l*l Conv} [ Relu } rl*l Cnnv] 1 Sigmﬂid]
Max Pool} [1*1 Conv] [ Relu J r1"‘1 Conv] 1 Sigmoid )

Figure 6. High-Level Screening Feature Pyramid Network. (a) Overall structure of HSFPN; (b) Struc-
ture of the Channel Attention (CA) module.

In the implemented neck, DySample replaces static interpolation by predicting sam-
pling offsets and then resampling the feature map with bilinear interpolation, as shown in
Figure 7a [37,38]:

Xyp = GridSample(X, G + Linear(X)), 4)

In Equation (4), X denotes the input feature map, G is the regular sampling grid,
Linear(.) predicts the sampling offset field, and GridSample(.) performs bilinear resam-
pling. This operation allows the upsampling grid to adapt to visible fruit structures while
keeping the operator lightweight.

The semantic screening branch then uses high-level responses to weight shallow lateral
features before fusion [39]. After resolution and channel alignment, global average pooling
and max pooling generate a channel attention vector, and the screened feature is fused

as follows:
fout = fhigh + flow ® O(MLP(Avg(fpign) + Max(frign))), (G))

In Equation (5), thigh and flow denote the aligned high-level and low-level features,
respectively; o is the sigmoid activation; MLP(.) is the channel projection; Avg(.) and
Max(.) denote global average and max pooling; and the product operator denotes element-
wise multiplication. In the complete model, Dy-HSFPN mainly contributes occlusion-aware
feature alignment and provides screened features for the following C2f-CFCGLU context
module, as reflected in the ablation study.
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Figure 7. Dynamic Upsampling component. (a) Overall structure of DySample; (b) Details of the
Sampling Point Generator within DySample.

2.2.3. C2f-CFCGLU: Mixed Context Encoding Module

After feature alignment, greenhouse tomato detection still requires contextual encod-
ing because clustered fruits, stems, and occluding leaves often appear within the same
local region. C2f-CFCGLU is deployed at selected neck fusion nodes to replace the corre-
sponding C2f blocks in YOLOv10n. Compared with the original C2f module, it introduces
a large-kernel separable spatial mixer and a convolutional gated channel mixer. The key
mechanism is to combine broader fruit-cluster context with local channel modulation
without using quadratic self-attention [40,41].

As shown in Figure 8, the ConvFormer branch uses large-kernel separable convolution
as a lightweight spatial mixer [42]. This design broadens the receptive field and helps
encode fruit-cluster morphology and nearby stem context while avoiding the computational
cost of applying self-attention to high-resolution neck feature maps.

For channel mixing, CGLU is embedded after the ConvFormer branch [43], as shown in
Figure 9. Unlike a standard linear feed-forward layer, the gating branch includes depthwise
convolution so that channel modulation retains local spatial information:

CGLU(X) = (XW; + B;) ® o(DWConv (XW, + B,)). (6)
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Figure 8. Spatial mixer within the mixed context encoding module. (a) Overall architecture of the
ConvFormer module. (b) Details of the convolutional attention mechanism. GDN denotes Grouped
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Figure 9. Channel mixer within the mixed context encoding module. (a) Structural topology of the
CFormerCGLU unit integrating CGLU. (b) Internal details of the Convolutional Gated Linear Unit

(CGLU). The gating branch explicitly incorporates depthwise convolution to enhance local perception.
In Equation (6), X denotes the input feature tensor; W1 and W, are projection weight

matrices; By and B, are bias vectors; DWConv(.) denotes the depthwise convolution in
the gating branch; the multiplication operator denotes element-wise multiplication; and
sigma is the activation function. This operation introduces a local context prior into channel
modulation and is intended to reduce responses from texture-similar background regions.
Within the complete LGD-YOLO structure, C2f-CFCGLU is therefore interpreted as a

complementary contextual integration module. The ablation results indicate that its value
is expressed mainly when combined with C2{-GMKSF and Dy-HSFPN, rather than as an

isolated source of accuracy gain.
2.2.4. Lightweight Detection Head Based on PConv
At the prediction stage, the original YOLOv10n decoupled head uses repeated dense
convolutions for classification and regression at multiple scales, which can increase feature-
map movement and memory read/write cost on edge hardware. In LGD-YOLO, the
detection head is reconstructed with PConv-based blocks at the P3, P4, and P5 detection
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scales. Here, MemAC denotes the cost of memory read/write operations and feature-map
movement, which is distinct from multiply—accumulate operations.

Compared with the dense convolutional branches in YOLOv10n, each PConv block
applies spatial convolution only to one-quarter of the channels and keeps the remaining
channels on an identity path [44]. The processed and bypassed features are then fused by 1
x 1 pointwise convolution, normalization, and activation. Given an input feature tensor,
the output of the PConv module is expressed as:

Y = Concat(Convsy3(Xp), Xiq)- (7)

In Equation (7), X;, denotes the channel subset processed by the 3 x 3 convolution, Xiq
denotes the identity branch, and Y is the concatenated output before subsequent pointwise
fusion. This mechanism reduces the number of spatially processed channels while retaining
cross-channel interaction after fusion, as depicted in the PConv Head design in Figure 10b.
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Figure 10. Structural comparison between the traditional decoupled head and the proposed PConv
head. (a) Traditional decoupled head utilizing dense 3 x 3 convolutions with a high memory footprint.
(b) PConv head applied at the P3/P4/P5 detection scales, where one-quarter of the channels are
spatially processed and the remaining channels follow an identity path before pointwise fusion.

In the complete ablation sequence, PConv mainly contributes to lightweight prediction
and lower computational cost. Its effect depends on the preceding backbone and neck
redesign, so its contribution is interpreted as part of the coordinated lightweight architecture
rather than as an independent accuracy improvement.

2.2.5. Focaler-Wise-SloU Bounding Box Regression Loss Function

The lightweight PConv head reduces prediction-stage computation but may also
weaken fine-grained spatial regression. To compensate during training, Focaler-Wise-SloU
replaces the default CloU loss of YOLOv10n [45]. This modification is not inserted into the
inference graph; it only changes the bounding-box optimization objective by combining
angle-aware regression, overlap-gradient rescaling, and dynamic sample weighting.

Tomato fruits typically grow in dense clusters along the stem, where adjacent boxes
may overlap and produce unstable center-distance gradients. The angle-aware term from
SIoU is therefore introduced to replace the center-distance term of CloU [46]. Denoting
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b = (x,y) and b8 = (x8!, y8") as the center coordinates of the predicted box and the ground-
truth box, respectively, and o as the Euclidean distance between them, the angle-aware cost
A is defined as follows:

A= sin(2arcsin(min(|x_xgt|’|y_ygt|)>>. 8)

o

This angle-aware term constrains the regression direction and helps reduce interference
from adjacent fruits during training.

The Focaler-IoU term is used to rescale the overlap gradient [47]. The lower and upper
focusing bounds were set to d = 0.25 and u = 0.80 according to the recommended empirical
range, and no hyperparameter was tuned on the test set. The reconstructed overlap loss is
expressed as:

0.8 —-0.25 ©)

LFocaler — 1 _ Clip <I°U — 0'25,0.1).
This setting reduces the influence of very low-overlap outliers and focuses on medium-
difficulty samples. Because the final model emphasizes lightweight deployment, the trade-
off between mAP@50 and mAP@50:95 is analyzed in the Results and Discussion Sections.
Wise-IoU is further incorporated to adjust the contribution of boxes with different
regression qualities [48], as geometrically compared with CloU in Figure 11. The Focaler-

Wise-SIoU loss is formulated as follows:

Lrw-siou =t X Latou (A, LISFeT), (10)
B
EFocaler
p=—lU (12)
»CIoU

i W{,bu.\' | |
- ]
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Figure 11. Geometric metric comparison of bounding box regression loss functions. (a) CloU
incorporates diagonal and center distance penalties treating samples indiscriminately, rendering it
susceptible to outliers. (b) Wise-IoU leverages dynamic focusing based on anchor box quality to
actively suppress interference from low-quality annotations.

In Equations (8)—(12), d and u are the lower and upper IoU focusing bounds; Clip(.)
limits the normalized IoU term to the interval [0, 1]; LSIoU and LIoU denote the SIoU and
IoU loss terms; r is the dynamic scaling factor; 3 denotes the outlier degree constructed
from the ratio between the current predicted-box loss and the average loss of the current
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batch; and alpha and delta are the fixed Wise-loU hyperparameters used throughout all
comparative experiments.

In the ablation study, this loss is interpreted mainly as a training-stage compensator
for coarse detection and recall under the lightweight final architecture. Because the final
mAP@50:95 remains lower than that of YOLOv10n, the method is not claimed to provide a
general improvement in strict localization.

2.3. Experimental Environment and Evaluation Metrics

2.3.1. Experimental Environment

All training experiments in this study were executed on a unified high-performance
computing platform. The hardware configuration comprised an Intel Xeon Silver 4210 pro-
cessor (Intel Corporation, Santa Clara, CA, USA) coupled with an NVIDIA GeForce RTX
2080 Ti graphics processing unit (NVIDIA Corp., Santa Clara, CA, USA) utilizing 11 GB
of dedicated memory. The deep learning framework was established upon PyTorch 1.10.1
using the Python 3.8 programming language. Model training was conducted under the
CUDA toolkit compatible with this PyTorch release, while CUDA 12.6 corresponds to
the installed driver environment used on the workstation. The model training spanned
350 epochs. The hyperparameter configuration included a batch size of 16, an initial learn-
ing rate of 0.01, a momentum factor of 0.93, and a weight decay of 0.0005. The Adam
optimizer was deployed for gradient descent, and all input images were uniformly resized
to a spatial resolution of 640 x 640 pixels. To guarantee the fairness and comparability of
the experimental outcomes, identical dataset splits, input size, epoch number, and evalu-
ation thresholds were maintained across comparative and ablation studies. The primary
hyperparameter configurations are summarized in Table 2.

Table 2. Hyperparameter Configurations.

Parameter Value Parameter Value

Learning rate 0.01 Weight decay 0.0005
Batch size 16 Momentum 0.93
Input image size 640 x 640 Total epochs 350

Number of workers 8 Optimizer Adam

2.3.2. Evaluation Metrics

To comprehensively evaluate the perceptual performance of LGD-YOLO under com-
plex greenhouse environments, a multi-dimensional assessment framework encompassing
both detection accuracy and computational efficiency was established, predicated on the
practical operational requirements of facility agricultural robots.

Regarding detection accuracy, Precision (P), Recall (R), and mean Average Precision
(mAP) were adopted as the core quantitative metrics. Contextualized within agricultural
detection scenarios, P measures the reliability of the model in averting false positives,
such as misclassifying background illumination spots or clutter as tomatoes. Conversely,
R reflects the effective detection capability of the model for occluded and small-target
tomatoes. The mathematical formulations are defined as follows:

TP
P= TP + FP’ (13)
TP
R= — — 14
TP + FN’ (14)

where TP, FP, and FN denote true-positive, false-positive, and false-negative samples,
respectively. The Fl-score is introduced as the harmonic mean of Precision and Recall, pro-
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viding a combined indicator for balancing false positives and false negatives in greenhouse

tomato detection:
_ZXPXR

F =
! P+R

To comprehensively evaluate the model performance across all maturity categories

(15)

(totaling C classes), mAP is introduced to calculate the average area under the Precision—
Recall curve:

1&gt
mAP = 61:21 /O P(R)dR. (16)

This study uses two mAP thresholds. Specifically, mAP@50 evaluates coarse-grained
target localization and maturity classification, whereas mAP@50:95 applies stricter loU
thresholds from 0.5 to 0.95 and is used to assess fine-grained boundary regression in densely
overlapping scenarios.

Considering the computational and storage constraints of agricultural edge terminals,
the evaluation further incorporates Parameter volume (Params), floating-point operations
(GFLOPs), frames per second (FPS), and Model Size. The Model Size characterizes the
storage overhead of the network and is used as one indicator of edge deployment feasibility:

ModelSize = ) "P; x b, (17)
i

where Pi denotes the parameter count of the i-th layer, and b represents the byte size
occupied by a single parameter. Concurrently, FPS is introduced to quantify the processing
throughput of the model during actual execution:

N

FPS = — 18

&) (18)
where N denotes the number of processed frames, and T denotes the total inference time.
FPS is assessed under two protocols: desktop evaluation speed on the RTX 2080 Ti for
fair architectural comparison, and edge inference speed on the Jetson AGX Orin (64GB
Developer Kit, NVIDIA Corporation, Santa Clara, CA, USA) for deployment evaluation.

3. Results and Analysis
3.1. Ablation Study of Core Components

To quantitatively assess the individual contributions of the proposed modules to
tomato detection performance and hardware efficiency, an ablation study was conducted
utilizing YOLOv10n as the baseline architecture. Under identical experimental config-
urations, the following components were sequentially integrated: the dynamic feature
alignment network Dy-HSFPN (A), the multi-scale kernel fusion module C2f-GMKSF (B),
the global context gating module C2f-CFCGLU (C), the partial convolution detection head
PConvHead (D), and the Focaler-Wise-SIoU loss function (E). The comprehensive ablation
results are detailed in Table 3.

The baseline YOLOv10n model yielded an mAP@50 of 87.4% with a parameter volume
of 2.26 M. Upon the independent incorporation of Dy-HSFPN (A), the parameter count
decreased to 1.74 M while the mAP@50 improved to 87.9%, indicating that the content-
aware dynamic upsampling effectively mitigates feature aliasing. The independent C2f-
GMKSF configuration (B) achieved an mAP@50 of 87.6% with 2.19 M parameters and
6.4 GFLOPs. When Dy-HSFPN and C2f-GMKSF were combined (A + B), the mAP@50
increased to 88.3% and the computational load decreased to 5.3 GFLOPs, indicating that
dynamic feature alignment and shallow multi-scale feature extraction are complementary.
Building upon A + B, the addition of the C2{-CFCGLU module (A + B + C) resulted in

https:/ /doi.org/10.3390/agriculture16141517


https://doi.org/10.3390/agriculture16141517

Agriculture 2026, 16, 1517

16 of 30

a compact parameter volume of 1.56 M and 5.0 GFLOPs while maintaining an mAP@50
of 88.1%, suggesting that the context module mainly contributes to compact semantic
integration rather than an isolated large accuracy gain.

Table 3. Ablation results of the proposed components under the same tomato dataset split and
desktop evaluation protocol.

Model P (%) R (%) mAP@50 mAP@50:95 Params (M) GFLOPs FPS
YOLOvV10n 83.3 78.5 87.4 52.2 2.26 6.5 38.17
YOLOvV1O0 + A 85.4 79.3 87.9 495 1.74 5.4 42.98
YOLOv10 + B 82.3 80.8 87.6 50.6 2.19 6.4 46.80
YOLOv10 + C 82.9 79.4 87.4 49.8 1.89 5.4 42.92
YOLOv10 + D 80.4 78.5 84.8 479 3.41 7.8 30.53
YOLOvI0O+A +B 83.7 80.9 88.3 50.1 1.67 5.3 46.63
YOLOv10+ A +C 83.0 78.7 87.6 49.1 1.70 5.2 32.71
YOLOvV10 + A+B + C 85.8 77.2 88.1 494 1.56 5.0 28.76
YOLOvI0O+A+B+D 81.6 78.9 86.5 48.1 1.44 4.0 37.43
YOLOv10 + A + B+ C+D 85.7 77.6 87.0 48.2 141 3.8 19.33
YOLOvI0+A+B+C+E 85.0 78.9 88.3 50.2 1.64 5.1 29.88
LGD-YOLO 84.4 79.9 88.0 48.3 1.41 3.8 34.09

It is important to note that certain intermediate configurations achieved slightly
higher accuracy metrics than the final model. For example, A + B + C + E yielded an
mAP@50 of 88.3% and an mAP@50:95 of 50.2%. However, the primary design criterion for
this agricultural application is edge deployment efficiency rather than absolute accuracy
maximization. The isolated insertion of PConvHead (D) into the original YOLOv10n
structure increased parameters to 3.41 M and GFLOPs to 7.8, showing that PConv is not
beneficial when inserted without coordinated backbone and neck redesign. In contrast,
when PConvHead was integrated after A + B + C, the A + B + C + D configuration
compressed the model to 1.41 M parameters and 3.8 GFLOPs, although mAP@50 decreased
to 87.0% and mAP@50:95 dropped to 48.2% due to the loss of spatial channel resolution. The
subsequent use of Focaler-Wise-SIoU restored mAP@50 to 88.0% and provided a marginal
recovery in mAP@50:95 to 48.3%, without changing the inference graph. While it does
not fully surpass the baseline’s strict localization performance of 52.2%, the loss function
acts as a necessary compensator to mitigate the severe localization degradation caused
by the lightweight head. The FPS difference between A + B + C + D and LGD-YOLO
is therefore not attributed to the loss function itself, but to measurement variability and
implementation-level inference conditions; accordingly, the loss-function comparison is
discussed mainly in terms of accuracy and recall.

The final LGD-YOLO configuration was selected as a compromise between detection
accuracy and edge deployment cost. Compared with YOLOv10n, LGD-YOLO achieved a
0.6 percentage-point increase in mAP@50, while reducing parameter volume by 37.6% and
computational load by 41.5%. At the same time, the stricter mAP@50:95 decreased from
52.2% to 48.3%, indicating that the lightweight compression improves coarse detection
and maturity recognition but sacrifices part of the fine-grained localization quality. This
trade-off is explicitly considered in the following class-wise and deployment analyses,
where the emphasis is placed on real-time perception for greenhouse harvesting rather
than high-precision boundary regression alone.

3.2. Comprehensive Performance Comparison with State-of-the-Art Algorithms

All models compared in this section were retrained and evaluated on the same tomato
dataset split with the same input resolution. Table 4 summarizes the overall compari-
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son, including detection accuracy, parameter volume, computation cost, model size, and
desktop evaluation speed. Empirical evaluations indicate that LGD-YOLO provides a
favorable trade-off between lightweight architecture and detection accuracy. Compared to
the YOLOvV10n baseline, LGD-YOLO reduces the parameter volume by 37.6% to 1.41 M,
decreases the computational load to 3.8 GFLOPs, and compresses the model size to 2.99 MB.
Although YOLOv12n and YOLOv13n attain desktop FPS values close to 40 under the
present evaluation protocol, their mAP@50 scores are only 74.5% and 74.7%, respectively,
indicating insufficient feature discrimination for small and visually similar tomato targets
in this dataset. In contrast, LGD-YOLO sustains 34.09 FPS on the desktop evaluation
protocol while achieving an mAP@50 of 88.0%.

Table 4. Performance comparison with state-of-the-art detectors retrained on the same tomato

dataset split.

Model P (%) R (%) mAP@50 Params (M) GFLOPs Size (MB) FPS
YOLOv5s 83.5 78.6 86.5 9.11 23.8 17.7 43.17
YOLOvVSm 84.2 77.3 85.7 21.10 64.0 48.1 17.92
YOLOv7x 88.0 77.6 84.0 37.21 105.18 142 9.8
YOLOvV8n 83.6 78.8 85.4 6.40 8.1 5.96 415
YOLOVS8s 81.4 80.5 86.4 11.12 28.4 214 27.38
YOLOv8m 86.4 77.7 87.3 25.84 78.7 49.6 18.18
YOLOv9t 84.0 71.6 79.5 1.97 7.6 444 452
YOLOvV9s 83.8 75.0 80.1 7.16 26.7 14.5 31.6
YOLOv10n 83.3 78.5 87.4 2.26 6.5 5.5 38.17
YOLOvV10s 78.4 85.2 88.1 7.21 214 40.5 27.16

YOLOv10m 82.6 81.4 88.5 15.31 58.9 72.1 23.03
YOLOv1ln 83.4 78.8 87.1 2.58 6.3 5.23 40.8
YOLOv1ls 83.7 79.1 87.4 9.41 21.3 19.6 30.4
YOLOv12n 79.3 69.4 74.5 2.55 6.3 5.28 39.6
YOLOv12s 83.9 75.6 80.7 9.23 21.2 18.0 28.9
YOLOv13n 79.3 71.0 74.7 2.44 6.2 5.17 41.2
YOLOv13s 86.2 79.3 85.2 9.00 20.7 354 29.7
GoldYOLO 84.8 78.5 85.8 5.97 10.2 13.8 34.6
Ta-YOLO 87.3 76.9 84.3 10.58 14.5 24.6 31.1
LGD-YOLO * 83.7 78.5 87.0 1.48 3.9 3.1 33.2
LGD-YOLO 84.4 79.9 88.0 141 3.8 2.99 34.09

* 1 LGD-YOLO* represents the architectural variant migrated into the YOLOv8n baseline.

The agriculture-specific model Ta-YOLO and the general-purpose advanced model
GoldYOLO were also retrained on the present dataset for a fair comparison. Ta-YOLO
contains 10.58 million parameters, which is about 7.5 times that of LGD-YOLO, while
its mMAP@50 is 84.3% under the same dataset split. These results indicate that directly
increasing model capacity does not necessarily improve detection performance for this
greenhouse maturity dataset. By adopting an asymmetric computational paradigm, LGD-
YOLO integrates context modeling only at selected stages and avoids a network-wide
increase in parameters, thereby improving deployment feasibility on edge devices.

To evaluate the architecture-agnostic and plug-and-play characteristics of the pro-
posed core modules, C2f-GMKSF, C2{-CFCGLU, and Dy-HSFPN were migrated into the
YOLOvV8n framework to construct the variant LGD-YOLO*. The variant was retrained on
the same dataset split and evaluated under the same protocol. As detailed in Table 4, the
parameter volume of LGD-YOLO* is reduced from 6.40 M (YOLOvS8n) to 1.48 M, and the
computational load drops from 8.1 GFLOPs to 3.9 GFLOPs, while the mAP@50 improves
from 85.4% to 87.0%. These findings suggest that reducing channel redundancy and improv-
ing semantic alignment can improve parameter efficiency across different YOLO backbones.
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Figure 12 illustrates the Pareto distribution of efficiency and accuracy for various models
on the tomato dataset, indicating that LGD-YOLO is located in the high-accuracy and

low-computation region.
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Figure 12. Trade-off between efficiency and accuracy on the tomato dataset. (a) Accuracy vs.
Computation Cost (GFLOPs). (b) Accuracy vs. Parameter Count (M).

3.3. Class-Specific Detection Performance and Confusion Analysis

To comprehensively evaluate the discriminative capability of the proposed model
under extreme class imbalance, particularly for visually ambiguous transitional stages,
a fine-grained assessment across maturity categories was conducted. Table 5 details the
precision, recall, F1-score, mAP@50, and mAP@50:95 metrics for each class compared to
the YOLOv10n baseline.

Table 5. Detection performance comparison across maturity stages.

Model Class P% R% mAP@50 mAP@50:95 F1-Score
YOLOv10n all 83.3 78.5 87.4 52.2 80.8
Unripe 85.5 78.7 87.6 494 82.0
Ripe 79.9 78.9 87.0 56.8 79.4
Semi-ripe 84.1 78.0 87.6 50.4 80.9
LGD-YOLO all 84.4 79.9 88.0 48.3 82.1
Unripe 86.1 77.2 86.7 45.7 81.4
Ripe 81.2 80.4 87.2 51.2 80.8
Semi-ripe 86.0 82.2 90.2 475 84.1

As presented in Table 5, the most notable gain of LGD-YOLO is observed on the semi-
ripe class. However, the stricter mAP@50:95 metric decreased from 52.2% in YOLOv10n
to 48.3% in LGD-YOLO, indicating a trade-off between coarse detection robustness and
fine-grained localization quality under lightweight compression. To further unpack the di-
agnostic performance, the class-wise Precision-Recall curves and the normalized confusion
matrix are illustrated in Figures 13 and 14, respectively.

As shown in Figure 14, LGD-YOLO correctly predicts 84%, 83%, and 83% of true
unripe, ripe, and semi-ripe tomatoes, respectively. The primary error source for the chal-
lenging semi-ripe category is inter-class confusion rather than background misidentification,
with 4% misclassified as unripe and 7% as ripe. From an agricultural perspective, this
distribution is interpretable: the semi-ripe stage is a transient physiological period charac-
terized by uneven patchy pigmentation, which naturally overlaps visually with adjacent
stages depending on fruit orientation and viewing angle. Despite this inherent ambiguity
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and severe class imbalance, an 83% true-positive rate and 90.2% mAP@50 were observed
for the semi-ripe class. Furthermore, 16% of unripe and 11% of ripe tomatoes were pre-
dicted as background, predominantly attributable to severe structural occlusions caused by
overlapping foliage and dense clustering in unstructured greenhouse environments.

Precision-Recall Curve

——— unripe 0.867
w ripe 0.872
= semi-ripe 0.902

2]l classes 0.880 mAP@0.5
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Figure 13. Class-wise Precision-Recall curves of LGD-YOLO on the tomato maturity dataset.
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Figure 14. Normalized confusion matrix of LGD-YOLO across maturity stages.

3.4. Comparative Evaluation of Bounding Box Regression Loss Functions

To assess the effect of the proposed Focaler-Wise-SIoU loss function for greenhouse
tomato detection, a comparative analysis was conducted against representative bounding
box regression loss functions. Because loss functions affect only the training objective and
do not change the inference graph, Table 6 is used primarily to compare accuracy-related
metrics. The FPS column is retained only as a record of the measured evaluation runs and
is not used to infer that a loss function directly accelerates inference.
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Table 6. Comparison of bounding box regression losses under the same LGD-YOLO architecture;
FPS is reported only as measured evaluation throughput.

Loss P(%) R(%) mAP@50 mAP@50:95 FPS
GIoU 82.0 79.1 86.6 48.5 28.29
EloU 82.8 78.6 86.6 48.2 26.92
DIoU 85.6 76.1 86.6 47.7 25.19
PIoU 82.8 80.3 86.4 479 26.12
ShapeloU 82.0 78.7 86.4 47.9 25.89
MPDIoU 87.8 75.5 86.8 48.2 24.99
CloU 85.7 77.6 87.0 48.2 19.33
SloU 86.1 75.3 86.7 47.8 24.49
Wise-SloU 86.6 76.1 87.7 49.1 26.79
Focaler-Wise-SIoU(Ours) 84.4 79.9 88.0 48.3 34.09

Both GIoU and DIoU yield an identical mAP@50 of 86.6%. While CloU marginally
elevates the mAP@50 to 87.0%, the proposed Focaler-Wise-SIoU achieves the highest
mAP@50 of 88.0% by balancing the gradient contributions of hard and easy samples
through a dynamic focusing mechanism. Since the loss function is not executed during
inference, the analysis focuses on convergence behavior and detection metrics rather than
attributing runtime differences to the loss formulation.

Regarding the Recall metric, MPDIoU and SloU register at 75.5% and 75.3%, respec-
tively. The proposed Focaler-Wise-SIoU attains a Recall of 79.9%, which is marginally
surpassed only by PloU (80.3%). Despite this slight recall deficit, Focaler-Wise-SloU
outperforms PloU by 1.6 percentage points in mAP@50. The mAP@50:95 value of Focaler-
Wise-SloU is 48.3%, which is lower than Wise-SIoU (49.1%) but comparable to several
alternative losses. Therefore, the proposed loss should be interpreted as improving coarse
detection and recall under the lightweight final architecture, while fine-grained localization
remains a limitation that requires further optimization.

3.5. Comparative Evaluation of Lightweight Detection Head Architectures

To compare detection head architectures for edge computing scenarios, five repre-
sentative lightweight head schemes were reconstructed upon the LGD-YOLO baseline.
These configurations include the depthwise separable convolution-based DConv + Convy,
the multi-branch re-parameterization module Diverse Branch Block, the spatial and chan-
nel reconstruction convolution DScConv, and the lightweight shared detail enhancement
convolution LSDECD. These variants were systematically compared against the proposed
PConv head, with the quantitative results detailed in Table 7.

The traditional Conv + Conv structure achieves an mAP@50 of 86.3%; however, it
incurs a computational load of 5.0 GFLOPs and a restricted inference speed of 26.73 FPS.
The integration of depthwise separable convolutions (DConv + Conv) reduces the GFLOPs
to 4.4, yet the FPS exhibits no proportional improvement. This result suggests that reduced
FLOPs alone may not guarantee acceleration, possibly because fragmented memory access
and operator implementation also affect runtime. Although the Diverse Branch Block
employs multi-branch training and structural re-parameterization, its FPS declines to 24.67
and the model size increases to 4.21 MB, indicating that overly wide network topologies
may encounter bandwidth bottlenecks on edge-oriented inference. Additionally, while
DScConv compresses redundancy through spatial and channel reconstruction and reduces
the computational cost to 3.9 GFLOPs, its mAP@50 drops to 85.4%. This decline suggests
that excessive structural compression may weaken fine-grained texture representation for
small tomato targets. The LSDECD variant exhibits moderate performance in both accuracy
and speed metrics.
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Table 7. Comparison of detection head designs reconstructed on the same LGD-YOLO backbone

and neck.

Head P (%) R (%) mAP@50 Params (M) GFLOPs Size (MB) FPS
Conv + Conv 85.8 75.8 86.3 1.61 5.0 3.38 26.73
DConv + Conv 85.3 76.7 86.9 1.51 44 3.19 26.44

DiverseBranchBlock +
DiverseBranchBlock 84.3 77.6 86.3 1.61 5.0 4.21 24.67
DScConv + DConv 80.2 78.3 85.4 1.42 3.9 3.03 26.33
LSDECD 80.6 77.9 85.9 1.46 5.0 3.49 26.50
PConv + Conv(Ours) 84.4 79.9 88.0 1.41 3.8 2.99 34.09

In contrast, the proposed PConv head applies spatial convolutions exclusively to a
partial subset of channels, capitalizing on the high inter-channel similarity of feature maps
to lower the frequency of memory read-write operations. As demonstrated in Table 7,
LGD-YOLO achieves the highest mAP@50 of 88.0% and an inference speed of 34.09 FPS
under the desktop evaluation protocol. This represents a 27.5% improvement in speed
over the conventional Conv + Conv scheme. However, Table 7 does not yet include
mAP@50:95 for each head variant; therefore, the present conclusion is limited to mAP@50,
parameter/computation cost, model size, and FPS, and the effect on strict localization will
be further evaluated in future work.

3.6. HiResCAM-Based Heatmap Analysis

To intuitively elucidate the feature extraction behavior of the models in unstructured
greenhouse scenarios, High-Resolution Class Activation Mapping (HiResCAM) is em-
ployed to conduct a qualitative visual analysis across various models, as illustrated in
Figure 15.

In green-on-green interference scenarios where immature tomato fruits share high
visual similarity with the surrounding foliage, the attention distributions of YOLOv5
and YOLOVS8 exhibit pronounced dispersion. Their high-response regions overlap with
background leaves and supporting stems, which is consistent with their higher tendency to
produce false positives under complex backgrounds. Conversely, supported by large-kernel
convolutions and gating units within the C2f-CFCGLU module, LGD-YOLO concentrates
more of its high-activation regions within visible fruit contours and suppresses part of the
response triggered by leaf textures.

Regarding dense clustering and mutual occlusion, although YOLOv9 and YOLOv10
localize salient targets, their feature activation intensities attenuate for fruits with blurred
edges or severe foliage occlusion. LGD-YOLO shows more continuous activation within
several occluded fruit regions. This phenomenon is consistent with the adaptive feature-
alignment role of DySample in Dy-HSFPN, although the heatmap evidence remains quali-
tative. The heatmap results therefore provide visual support for the quantitative results,
while more rigorous subset-level evaluation by occlusion degree and object size will be
considered in future work.

3.7. Quantitative Error and Qualitative Failure Case Analysis

To explicitly address the detection challenges under unstructured greenhouse condi-
tions, a quantitative error analysis was conducted utilizing the test set confusion matrices.
Statistical evaluation of the dataset’s spatial distribution indicates that the vast major-
ity of target bounding boxes occupy approximately 2% to 10% of the image dimensions,
corroborating the inherent challenge of small-object detection.
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A key evaluation of the proposed architecture concerns its behavior under green-on-
green background interference. As illustrated in Figure 16, the confusion matrix of the
baseline YOLOv10n reveals susceptibility to visual homogenization, erroneously classifying
4378 background instances, such as visually similar green foliage and supporting stems,
as unripe tomatoes. By integrating large-kernel spatial context modeling and dynamic
feature screening, the proposed LGD-YOLO reduced these false positives to 938, as shown
in Figure 17, achieving a 78.6% quantitative reduction in background misclassifications.

Regarding missed detections under dense foliage occlusion, LGD-YOLO still failed to
detect 661 severely occluded tomato instances, corresponding to a false-negative proportion
of approximately 16% for unripe tomatoes in the confusion matrix. This result indicates
that although the model reduces background false positives, recall under extreme occlusion
remains a limitation. Inter-class confusion between the visually transitional semi-ripe and
ripe stages is constrained below 7% and 3%, respectively, suggesting that the three maturity

classes remain reasonably separable under the proposed feature representation.

(a) (b) (c) (d) (e)

Figure 15. Visual comparison of feature extraction behaviors across different detection models
using HiResCAM heatmaps. Panels (a—e) depict various greenhouse scenarios ranging from simple
backgrounds to dense occlusions and clusters of small objects. Red regions indicate areas where the
model focuses highly, while blue regions represent suppressed background features.
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Figure 16. Confusion matrix of the baseline YOLOv10n on the test set, illustrating severe green-on-
green background interference with 4378 false positives.
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Figure 17. Confusion matrix of the proposed LGD-YOLO on the test set, demonstrating suppression
of background false positives to 938 and inter-class maturity discrimination.

Visual comparisons in the detection results are consistent with these quantitative
findings. As illustrated in Figure 18, the baseline model tends to miss small targets and
deeply occluded instances, as highlighted by orange circles, under challenging illumination
and dense foliage. It also generates some false-positive errors on background structures,
as indicated by red circles. In contrast, LGD-YOLO shows improved detection of several
obscure targets and fewer classification errors in these examples.

3.8. Edge Device Deployment and Evaluation

To evaluate the deployment performance of LGD-YOLO on physical hardware, infer-
ence tests were conducted on both a desktop computing platform and an embedded edge
platform. The comparative results are summarized in Table 8. Under FP32 precision on the
desktop platform, LGD-YOLO achieves a single-frame inference latency of 3.8 ms. Com-
pared to the 4.6 ms latency of the YOLOv10n baseline, this constitutes a 17.4% reduction,
correspondingly boosting the frame rate to 263 FPS. On the Jetson AGX Orin edge platform,
with TensorRT acceleration and FP16 half-precision inference, the latency of LGD-YOLO
decreases to 24.6 ms, compared to 31.4 ms for YOLOv10n, and the operating speed reaches
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40.6 FPS. Latency measurements were conducted using a batch size of 1 over 1000 continu-
ous frames following 50 warm-up iterations. Based on three independent repetitions, the
standard deviation for latency remained below 0.5 ms across all tested models on both
platforms. These measurements represent pure inference latency under the deployment
protocol, whereas the 34.09 FPS reported in Tables 3-7 corresponds to the desktop evalua-
tion protocol that includes dataset-level evaluation overhead. The two FPS values therefore
describe different measurement settings and should not be directly compared.

Missed | Error

(h)

Figure 18. Qualitative comparison of tomato detection results under diverse challenging greenhouse
scenarios. Detection results of representative baseline methods (top row) and LGD-YOLO (bottom
row) are shown for different conditions: (a,e) backlit and low-illumination scenes, (b,f) small-object
scenarios, (¢,g) densely distributed fruits, and (d,h) overlapping fruits with severe occlusion. Yellow
circles indicate missed detections, and red circles denote false positives.

Table 8. Inference latency and frame-rate comparison under desktop FP32 and Jetson AGX Orin
TensorRT-FP16 deployment protocols.

Model Platform Precision Latency (ms) FPS  Speedup vs. Baseline
YOLOv8n Desktop(2080Ti) FP32 5.2 192 -
YOLOv10n Desktop(2080Ti) FP32 4.6 217 Reference
LGD-YOLO Desktop(2080Ti) FP32 3.8 263 0.174
YOLOvS8n Edge(Jetson AGX Orin)  TensorRT-FP16 34.5 29 -
YOLOv10n Edge(Jetson AGX Orin)  TensorRT-FP16 314 31.8 Reference
LGD-YOLO Edge(Jetson AGX Orin)  TensorRT-FP16 24.6 40.6 0.216

To evaluate practical applicability, a physical testing system based on the Jetson
AGX Orin was assembled. High-resolution video streams collected from real greenhouse
scenarios were used together with a lightweight monitoring interface developed using
PyQt5. As illustrated in Figure 19, when processing video frames characterized by densely
overlapping tomato foliage, the system maintains an average processing latency between
24 and 26 ms, sustaining a real-time frame rate of approximately 40 FPS. This result
suggests that LGD-YOLO can satisfy the real-time perception requirement of continuous
automated harvesting.
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Figure 19. Real-time execution and monitoring interface of LGD-YOLO on the edge computing device.

4. Discussion

LGD-YOLO provides a practical trade-off between detection accuracy and compu-
tational efficiency in greenhouse tomato detection tasks. This performance enhancement
stems primarily from three architectural innovations.

The asymmetric computational paradigm is based on the heterogeneous allocation of
resources according to the frequency-domain characteristics of feature maps. In the shallow
layers, the C2f-GMKSF module employs grouped multi-kernel convolutions to extract
fruit textures and edges with limited computational overhead, helping to mitigate false
positives against green-on-green backgrounds. Conversely, the deep-layer C2f{-CFCGLU
module uses large-kernel separable convolutions and gated linear units to expand the
receptive field, enabling the model to capture fruit-cluster morphology across localized
occlusions. Ablation studies show that the independent integration of C2f-GMKSF achieves
an mAP@50 of 87.6%, whereas the A + B+C configuration sustains an 88.1% mAP@50
with a parameter volume of 1.56 M. These results support the design philosophy that
prioritizes fine-grained details in shallow layers and robust semantics in deep layers within
lightweight architectures.

Dynamic feature alignment is associated with improved recall under occluded con-
ditions. Traditional FPNs often rely on nearest-neighbor interpolation, which performs
simple spatial magnification and may not reconstruct geometric information lost during
downsampling. The DySample operator integrated into Dy-HSFPN facilitates content-
based dynamic point sampling, allowing the model to adaptively adjust the sampling grid
according to the localized visible morphology of the fruits. Heatmap analysis indicates
that LGD-YOLO produces stronger activation within some occluded fruit regions than
YOLOV9 and YOLOV10. This architectural design improves the recall rate from 78.5% to
79.3%, which further reaches 80.9% upon the integration of C2f-GMKSF.

Hardware-aware lightweight strategies are intended to reduce memory bandwidth
pressure on edge devices. Existing methodologies frequently overemphasize FLOPs re-
duction while neglecting MemAC. The PConv detection head applies spatial convolutions
exclusively to a subset of channels, reducing the frequency of memory read-write opera-
tions. Deployed on the Jetson AGX Orin platform, LGD-YOLO reduces inference latency by
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21.6% compared to YOLOv10n, achieving a frame rate of 40.6 FPS. The accuracy decrease
associated with lightweight compression is partly offset by the Focaler-Wise-SIoU loss
function, which improves the mAP@50 to 88.0% while sustaining a recall rate of 79.9%.
Notably, in comparative experiments, although the DConv + Conv architecture reduces
FLOPs, it yields no improvement in FPS. This finding suggests that fragmented memory
access in depthwise convolutions may constrain empirical inference speeds. Furthermore,
theoretical GFLOPs reduction does not always guarantee linear acceleration in unfused
environments. Despite having fewer FLOPs, LGD-YOLO exhibits a slightly lower desktop
PyTorch FPS than YOLOv10n. This suggests that custom operators, such as dynamic
sampling, introduce fragmented memory access and higher kernel launch overheads com-
pared to standard cuDNN-optimized convolutions. However, TensorRT deployment on
the Jetson AGX Orin can fuse parts of these computational graphs, which helps reduce
runtime overhead and supports real-time performance.

Nevertheless, this study presents several limitations regarding the dataset and eval-
uation scale. First, the current dataset was constructed based on a single tomato cultivar,
‘Jiahong No. 1’, cultivated in a single greenhouse facility. This limits the evaluation of the
model’s cross-varietal and cross-domain generalization capabilities under varying facility
structures. Second, a severe class imbalance inherently exists within the dataset due to
the natural growth cycle of greenhouse tomatoes, where unripe instances overwhelmingly
dominate. This imbalance still constrains comprehensive representation of transitional
maturity stages. Finally, with only 180 images, the test set is relatively limited and may not
encompass all extreme edge cases encountered in unstructured agricultural environments.
Future work will focus on constructing a large-scale multi-cultivar dataset across diverse
lighting conditions and greenhouse layouts, addressing the category distribution imbalance,
and establishing a more comprehensive evaluation benchmark to further enhance model
robustness in diverse agricultural scenarios.

5. Conclusions

To address the coupled challenges of green-on-green background interference, dense
occlusion, and constrained edge computing resources in greenhouse tomato maturity
detection, this study proposes LGD-YOLO, a lightweight object detection network. Built
upon the YOLOv10n framework, the proposed model preserves the low-latency NMS-free
characteristics while introducing architectural improvements in feature extraction, feature
fusion, and memory-efficient prediction.

Specifically, within the backbone network, the C2f-GMKSF module is employed in
shallow layers to extract texture edges, whereas the C2{-CFCGLU module is embedded in
deep layers to expand the receptive field. The neck incorporates the Dy-HSFPN dynamic
feature pyramid, utilizing the DySample operator to mitigate feature aliasing. The detection
head leverages PConv to reduce memory access costs, and the Focaler-Wise-SloU loss func-
tion acts as a compensator to stabilize the training objective for bounding-box regression
without changing the inference graph. Experiments show that LGD-YOLO achieves an
mAP@50 of 88.0% with 1.41 M parameters and 3.8 GFLOPs. Compared with YOLOv10n,
it reduces parameter volume by 37.6% and computational load by 41.5%, while improv-
ing mAP@50 by 0.6 percentage points. However, mAP@50:95 decreases from 52.2% to
48.3%, indicating that the lightweight final model improves coarse detection and maturity
recognition while sacrificing part of the strict localization performance. Furthermore, the
validation of the model’s stability and repeatability across multiple independent training
runs is detailed in Supplementary Note S1. On the NVIDIA Jetson AGX Orin platform,
LGD-YOLO reaches 40.6 FPS under TensorRT-FP16 pure inference, whereas the 34.09 FPS
reported in the comparative tables corresponds to the desktop evaluation protocol. The
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trained model weight file is 2.99 MB. The real-time detection performance on this platform
is demonstrated in Video S1. Furthermore, the plug-and-play capability of the core modules
was evaluated through migration to the YOLOv8n architecture. Future work will focus on
improving strict localization, expanding multi-cultivar and multi-greenhouse validation,
and incorporating more detailed deployment profiling.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/agriculture16141517/s1: Video S1: Real-time tomato maturity
detection using LGD-YOLO on the Jetson AGX Orin platform; Supplementary Note S1: Validation of
Model Stability and Repeatability.
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Abbreviations

The following abbreviations are used in this manuscript:

CA Channel Attention

CGLU Convolutional Gated Linear Unit
CloU Complete Intersection over Union
DIoU Distance Intersection over Union

DWConv Depthwise Separable Convolution
Dy-HSFPN  Dynamic High-Level Screening Feature Pyramid Network

EloU Efficient Intersection over Union
FLOPs Floating-Point Operations

FN False Negative

FP False Positive

FPN Feature Pyramid Network

FPS Frames Per Second

GDN Grouped Double Normalization
GFLOPs Giga Floating-Point Operations
GloU Generalized Intersection over Union
GMKSF Grouped Multi-Kernel Spatial Fusion
HiResCAM  High-Resolution Class Activation Mapping
ToU Intersection over Union

LSDECD Lightweight Shared Detail Enhancement Convolution
MemAC Memory Access Cost

https:/ /doi.org/10.3390/agriculture16141517


https://www.mdpi.com/article/10.3390/agriculture16141517/s1
https://www.mdpi.com/article/10.3390/agriculture16141517/s1
https://github.com/wuaixiang/LGD-YOLO
https://github.com/wuaixiang/LGD-YOLO
https://doi.org/10.3390/agriculture16141517

Agriculture 2026, 16, 1517 28 of 30

mAP Mean Average Precision
MCU Micro-Controller Units
MHSA Multi-Head Self-Attention
MLP Multi-Layer Perceptron
NMS Non-Maximum Suppression
P Precision
PANet Path Aggregation Network
Params Parameter Volume
PConv Partial Convolution
PloU Pixels Intersection over Union
R Recall
RGB Red, Green, Blue
SFF Selective Feature Fusion
SloU SCYLLA-Intersection over Union
TP True Positive
YOLO You Only Look Once
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