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Abstract

Tomato leaf disease detection in natural environments is challenged by subtle early-stage
symptoms, complex backgrounds, leaf occlusion, and scale variation, which can lead to
missed detections, false detections, and unstable leaf localization. Meanwhile, practical
agricultural applications impose higher requirements on model lightweightness and edge-
deployment capability. To address these issues, this study proposes DFR-YOLOv12n,
a lightweight tomato leaf disease detection model based on YOLOv12n that integrates
detail-preserving downsampling, feature enhancement, and regression optimization. First,
a multi-source dataset collected in natural environments was constructed and curated,
covering eight categories: bacterial spot, early blight, late blight, leaf mold, mosaic virus
disease, septoria leaf spot, yellow leaf curl virus disease, and healthy leaves. Second,
SPDConv was introduced into key downsampling layers to preserve fine-grained disease-
related visual cues. The A2C2f_DEConv module was incorporated into the P3 feature fusion
branch to enhance leaf texture and disease-related appearance features under complex
backgrounds. In addition, MPDIoU was adopted to optimize bounding box regression and
improve whole-leaf localization under occlusion and background interference. The optimal
model configuration was determined through insertion-position, module comparison, and
ablation experiments. Compared with the baseline model, DFR-YOLOv12n increased
Precision, Recall, and mAP@0.5 from 86.8%, 76.9%, and 86.5% to 88.1%, 81.7%, and 88.6%,
respectively. Meanwhile, FLOPs decreased from 5.83 G to 5.27 G, the parameter count
decreased from 2.51 M to 2.25 M, and the model size decreased from 5.22 MB to 4.71 MB.
Furthermore, the model was successfully deployed and validated on the Jetson Nano
platform, demonstrating its potential for edge applications. The results indicate that DFR-
YOLOv12n achieves a favorable balance among detection accuracy, model complexity, and
deployment feasibility, providing a reference for intelligent tomato leaf disease detection in
natural environments.
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1. Introduction
Tomato (Solanum lycopersicum L.) is one of the most important vegetable crops world-

wide and is widely cultivated in both protected and open-field production systems [1,2]. In
recent years, tomato disease identification and intelligent monitoring have also become
a major focus in agricultural vision research. Tomato leaf diseases occur frequently and
spread rapidly throughout the growth cycle. If not identified and managed in a timely
manner, they often lead to reductions in both yield and quality, highlighting the importance
of early and accurate diagnosis [3,4]. Under natural field conditions, the manifestation
of leaf diseases is highly variable: lesion morphology changes with disease progression,
and early symptoms are typically characterized by small scale, weak texture, and indis-
tinct boundaries. In addition, overlapping leaves, illumination variation, shadows, and
interference from weed backgrounds further increase the difficulty of disease recognition.
Traditional manual inspection relies heavily on human experience and suffers from low
efficiency, strong subjectivity, and limited scalability and standardization [5]. Therefore,
developing an automatic tomato leaf disease detection method that can operate robustly in
natural environments is of great significance for early disease warning, precision pesticide
application, and visual perception in intelligent agricultural equipment [6].

Traditional leaf disease recognition methods have largely relied on strategies such
as threshold segmentation [7], edge detection, morphological filtering, and handcrafted
feature engineering [8,9]. Although these methods can achieve acceptable performance
under controlled conditions, they often exhibit limited robustness in natural scenarios
characterized by unstable illumination, complex backgrounds, and varying leaf poses, and
they are inadequate for capturing the fine-grained differences among multiple disease
symptoms [9,10]. With the development of deep learning, convolutional neural networks
have become capable of automatically learning discriminative features from data, signifi-
cantly improving recognition and detection performance in agricultural vision tasks [11,12].
Compared with image-level classification, object detection can simultaneously provide
both disease categories and spatial locations, making it more suitable for applications
such as field inspection, lesion localization, disease severity assessment, and decision sup-
port. As a result, it has attracted increasing attention in agricultural disease recognition
research [13,14].

Among the numerous object detection frameworks, the YOLO series has been widely
adopted in agricultural disease detection because of its end-to-end architecture and high
inference efficiency. Numerous studies have focused on improving detection accuracy
for agricultural diseases through architectural optimization. For instance, Qi et al. [15]
incorporated a visual attention mechanism into YOLOv5 for tomato virus disease detection,
achieving an mAP@0.5 of 94.10%, which was 1.23%, 16.77%, and 1.78% higher than those
of Faster R-CNN, SSD, and the original YOLOv5, respectively. To address challenges such
as illumination variation, leaf occlusion, and small lesions in natural environments, Wang
et al. [16] combined an attention mechanism with multi-scale feature fusion to enhance
lesion feature representation under complex conditions. Likewise, Liu et al. [17] introduced
MobileNetV3, CBAM, CycleGAN-based data augmentation, and an adaptive confidence
loss into YOLOX, improving detection accuracy by 1.46% and detection speed by 50.20%,
while reducing memory usage by 35.34%; the model further achieved 11.1 FPS on Jetson
Nano. Jing et al. [18] improved YOLOv5 by integrating an automatic annotation algo-
rithm, a weighted bidirectional feature pyramid network, and CBAM, and developed
the BC-YOLOv5 model, whose automatic annotation pass rate for tomato leaf images
exceeded 95%. Cardellicchio et al. [19] improved YOLOv11-based tomato phenotyping
through incremental learning and domain adaptation, enhancing both detection stability
and efficiency. Additionally, Huang et al. [20] further improved vegetable disease detection
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performance by enhancing YOLOv8, indicating that strengthening feature extraction and
feature fusion remains an important direction for improving the accuracy of agricultural
disease detection. Although these studies have demonstrated the effectiveness of atten-
tion mechanisms, feature enhancement, and multi-scale fusion strategies, they often rely
on more complex structural designs, which may introduce additional parameters and
computational overhead.

To reduce the parameter count and computational complexity of YOLO-based models
and improve their deployability on resource-constrained devices, some studies have fo-
cused on lightweight model design. For instance, Su et al. [21] introduced MobileNetV1
into YOLOv3 and developed SE-YOLOv3-MobileNetV1 for tomato maturity recognition
in natural greenhouse environments. Similarly, Zeng et al. [22] proposed a lightweight
tomato detection algorithm based on YOLOv5 and deployed the quantized model on a
smartphone, enabling on-device mobile detection. In a tomato harvesting robot scenario,
Wang et al. [23] developed SM-YOLOv5 by adopting a lightweight backbone network
to improve model applicability. Wu et al. [24] further proposed MTS-YOLO for tomato
cluster maturity recognition and picking-point detection, demonstrating the potential of
lightweight models in multi-task agricultural applications. More recently, Liu et al. [25]
presented Faster-YOLO-AP, which reduced the number of parameters and FLOPs to 0.66 M
and 2.29 G, respectively, while achieving an mAP@0.50 of 84.12%. Although these methods
significantly reduce model complexity, they are often accompanied by some loss of accuracy
in complex agricultural scenarios, particularly under conditions involving small targets,
occluded objects, and cluttered backgrounds, where missed detections and false detections
are more likely to occur [26].

Although existing studies have made encouraging progress in improving detection
accuracy and lightweight model design, several limitations remain. On the one hand,
high-accuracy methods usually rely on more complex feature enhancement modules or
network architectures, which tend to introduce additional parameters and computational
overhead, thereby limiting their deployment on resource-constrained devices. On the other
hand, although lightweight approaches effectively reduce model complexity, they are often
accompanied by a certain degree of performance compromise in complex agricultural
scenarios, particularly under conditions involving small targets, occlusion, and cluttered
backgrounds, where missed detections and false detections become more likely. Rana
et al. [27] further showed that the field reliability of agricultural detectors depends not only
on mAP but also on robustness to occlusion, illumination variation, and false detections.
This contradiction is even more pronounced in tomato leaf disease detection under natural
environments. Early-stage disease symptoms can be subtle, weak in texture, and spatially
localized within leaves, making relevant visual cues prone to attenuation during repeated
downsampling. Meanwhile, overlapping leaves, cluttered backgrounds, and symptom sim-
ilarity among different diseases further increase the difficulty of feature representation and
category discrimination. In addition, complex backgrounds, leaf occlusion, and ambiguous
leaf-background separation can adversely affect bounding-box regression quality and re-
duce localization stability [28]. Therefore, how to simultaneously maintain fine-grained
details, strengthen multi-scale feature fusion, and improve localization quality within a
lightweight framework remains an urgent challenge in tomato leaf disease detection under
natural conditions.

To address the above issues, this study takes YOLOv12n as the baseline and pro-
poses a lightweight model, DFR-YOLOv12n, for tomato leaf disease detection in natural
environments, with coordinated improvements from three aspects: detail-preserving down-
sampling, feature enhancement, and bounding box regression optimization. Specifically,
a detail-preserving strategy was introduced at key downsampling stages to alleviate the
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attenuation of fine-grained disease-related visual cues during feature compression. An
efficient feature enhancement mechanism was incorporated into the high-level feature
extraction and fusion stages to improve the representation of leaf texture and disease-
related appearance information under complex background interference. Meanwhile, an
optimized regression strategy was adopted during bounding box regression to enhance
the localization stability and regression quality of whole-leaf targets under occlusion and
background interference. Through systematic comparison and ablation experiments on
insertion positions, module combinations, and regression strategies, the effectiveness of
each improved component was verified, and the optimal configuration balancing detection
accuracy and computational efficiency was identified.

The main contributions of this study are summarized as follows:

1. A multi-source tomato leaf disease detection dataset in natural environments was
constructed and curated, containing seven diseased leaf categories and one healthy
leaf category, with a total of 12,755 images. Unified data partitioning and evaluation
settings were also provided, offering a data foundation for disease detection research
under complex scenarios.

2. A lightweight tomato leaf disease detection model, DFR-YOLOv12n, was proposed.
The model introduces coordinated improvements in three key aspects, namely detail
preservation, feature enhancement, and localization optimization, thereby improving
detection performance for small lesions and complex-background scenarios in natural
environments while maintaining relatively low computational cost.

3. Through insertion-position experiments, comparative experiments on different en-
hancement modules, and ablation experiments on regression strategies, the effects of
each component on model performance were systematically analyzed, and the optimal
model configuration balancing accuracy, complexity, and deployment requirements
was determined.

4. The proposed model was deployed and validated on the Jetson Nano B01 develop-
ment board, supporting image, video, and camera-based detection, which demon-
strates its potential for edge applications.

2. Materials and Methods
2.1. Dataset Construction
2.1.1. Dataset Acquisition

The tomato leaf images used in this study were compiled from four publicly accessible
sources: PlantVillage, PlantDoc, tomato disease datasets hosted on Roboflow, and the
Dataset of Tomato Leaves. These sources encompassed images acquired against controlled
backgrounds, under laboratory conditions, and in natural or otherwise complex scenes.
To better reflect real-world disease-detection scenarios, priority was given to images with
natural or complex backgrounds. Images exhibiting severe blurring, low resolution, exten-
sive occlusion, ambiguous disease symptoms, or inconsistent class labels were manually
excluded. Duplicate and near-duplicate samples were also removed. After harmonizing
the class nomenclature across sources, 12,755 images were retained and assigned to eight
categories: bacterial spot, early blight, healthy leaf, late blight, leaf mold, mosaic virus,
Septoria leaf spot, and yellow leaf curl virus. Representative images of each category are
shown in Figure 1.
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Figure 1. Representative images of eight categories in the constructed tomato leaf disease dataset.

2.1.2. Data Preprocessing

All images were manually annotated using LabelImg, with the annotations stored in
YOLO format. The complete visible leaf was defined as the detection target; accordingly,
each bounding box delineated the entire leaf and was assigned the corresponding class
label. The completed annotations were subsequently checked for missing or incorrect labels
and bounding boxes extending beyond the image boundaries.

The detection task was formulated at the leaf level. Each visible leaf was assigned one
bounding box and classified as either healthy or one of seven disease categories. Lesion
regions were not separately annotated or evaluated.

The dataset was partitioned into training, validation, and test sets at a ratio of 8:1:1
using stratified random sampling, yielding 10,204, 1276, and 1275 images, respectively. To
improve model robustness, mitigate overfitting, and reproduce the variability encountered
in natural environments, online data augmentation was applied exclusively to the training
set. The transformations included random horizontal and vertical flipping, scaling, transla-
tion, affine transformation, noise injection, image blurring, and illumination adjustment,
thereby simulating variations in leaf orientation, target scale, viewing angle, lighting condi-
tions, and image quality. The validation and test sets were not augmented and were used
to evaluate model performance on the original images.

2.2. Overall Architecture of DFR-YOLOv12n

DFR-YOLOv12n was developed from YOLOv12n through three targeted modifica-
tions. First, the existing SPDConv module was inserted at key downsampling stages to
preserve fine-grained disease-related visual cues during feature compression. Second,
A2C2f_DEConv was introduced into the P3 feature-fusion branch to strengthen the rep-
resentation of leaf texture and disease-related appearance features. Third, the existing
MPDIoU loss was adopted for bounding-box regression. These modifications respec-
tively target detail preservation, feature enhancement, and regression optimization while
maintaining a lightweight architecture. The overall network structure is shown in Figure 2.
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Figure 2. Overall architecture of DFR-YOLOv12n.

2.3. Detail-Preserving Downsampling with SPDConv

In tomato leaf disease detection under natural field conditions, early symptoms may
be subtle, weak in texture, and characterized by slight local color variations within the
affected leaf. Although conventional stride-2 convolution can effectively reduce the spatial
resolution of feature maps, it may also attenuate fine-grained disease-related cues during
downsampling, thereby affecting leaf-level disease classification and localization. To
address this issue, the existing SPDConv module was introduced to optimize the critical
downsampling stages of the network.

SPDConv is an existing CNN building block designed to replace the strided convolu-
tion and pooling operations commonly used in conventional CNN architectures. It consists
of a Space-to-Depth layer followed by a non-strided convolution layer, and its overall
workflow is illustrated in Figure 3.

Figure 3. Illustration of SPDConv.
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Specifically, let the input feature map be denoted as X ∈ RS×S×C1 , Taking the scale
factor of 2 as an example, the SPD layer first performs regular interleaved sampling along
the spatial coordinates to decompose the input into four sub-feature maps:

f0,0 = X[0 : S : 2, 0 : S : 2], f1,0 = X[1 : S : 2, 0 : S : 2]
f0,1 = X[0 : S : 2, 1 : S : 2], f1,1 = X[1 : S : 2, 1 : S : 2]

(1)

Each sub-feature map has a spatial size of S
2 ×

S
2 × c1. These four sub-feature maps are then

concatenated along the channel dimension to form a new intermediate feature representation:

X′ ∈ R
S
2 ×

S
2 ×4C1 (2)

Through this operation, the spatial resolution is reduced by half, while the pixel
information is losslessly transferred to the channel dimension, thereby preserving more
fine-grained feature information during downsampling.

After the SPD operation, a non-strided convolution layer is introduced to further fuse
the rearranged features. Let the number of convolution kernels be C2; the intermediate
feature map can then be transformed into:

X′′ ∈ R
S
2 ×

S
2 ×C2 (3)

Without further reducing the spatial resolution, this non-strided convolution performs
feature fusion and channel compression on the rearranged feature map, thereby completing
the feature extraction process while retaining fine-grained information.

In conjunction with the baseline network architecture, the proposed method does not
replace all downsampling layers globally. Instead, SPDConv is introduced only at two key
downsampling positions in the deeper backbone stages, corresponding to the generation
of the P4 and P5 feature layers. This design enhances the representation of fine-grained
disease-related cues in deep feature maps while keeping the increase in model complexity
acceptable, thus providing richer detail information for subsequent multi-scale feature
fusion and detection.

2.4. High-Resolution Feature Enhancement with A2C2f_DEConv

Due to the characteristics of tomato leaf diseases in natural scenes, which may manifest
as subtle symptom patterns and local texture differences within leaves, a high-resolution
detection branch is particularly important for recognizing disease-related visual cues at
the leaf level. In the detection head of YOLOv12n, the P3 branch retains a relatively high
spatial resolution and is therefore important for preserving fine-grained visual cues that
distinguish disease classes and for localizing leaves affected by occlusion, scale variation,
or background interference. However, the baseline network still shows limited capability
in local texture modeling within this branch, which may result in insufficient responses to
subtle disease-related visual cues.

To address this issue, A2C2f_DEConv was introduced into the feature fusion module
of the P3 branch to enhance the representation ability of shallow high-resolution features for
leaf texture, disease-related appearance variations, and local structural patterns. DEConv
is designed to enhance sensitivity to local structural changes and is therefore suitable for
representing disease-related visual patterns under leaf-scale variation, partial occlusion,
and complex backgrounds. Its structure is illustrated in Figure 4.
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Figure 4. Structure of the proposed A2C2f_DEConv module and its internal DEConv block.

To further enhance the representation capability of high-resolution features for fine-
grained disease-related cues, the A2C2f_DEConv structure was introduced into the feature
fusion module of the P3 branch. Built upon the original A2C2f architecture, this module
replaces the conventional convolution units with DEConv, thereby introducing convolution
operations that are more sensitive to fine-grained details while preserving the efficient
feature aggregation capability of the ELAN-style structure. Specifically, A2C2f_DEConv
first performs channel adjustment on the input features through a 1 × 1 convolution,
after which the features are split into multiple DEConv branches for progressive feature
extraction. The multi-branch features are then fused through a Concat operation, followed
by a convolution layer for feature integration. Furthermore, by introducing a residual
connection with a learnable scaling factor γ, the module not only effectively alleviates the
gradient vanishing problem during deep feature extraction, but also adaptively recalibrates
high-frequency detail features, thereby enabling more stable feature propagation.

The DEConv module enhances fine-detail representation by integrating multiple
differential convolution operators with standard convolution, thereby capturing image
variations from different directions and scales. Specifically, Central Difference Convolution
(CDC) is used to enhance local texture gradient information; Horizontal Difference Con-
volution (HDC) and Vertical Difference Convolution (VDC) strengthen edge responses in
the horizontal and vertical directions, respectively; and Angular Difference Convolution
(ADC) further improves the perception of diagonal structural features. Through the joint
modeling of features with these multi-branch convolution operations, the network becomes
more sensitive to disease-related appearance patterns and local texture variations, thereby
improving leaf-level disease detection under natural and complex background conditions.

It is worth noting that DEConv adopts a multi-branch differential convolution structure
during training to enhance feature representation. During inference, however, the weights
of these branches can be equivalently fused into a standard 3 × 3 convolution kernel
through re-parameterization, thereby preserving the detail-enhancement capability without
introducing additional computational overhead. In this way, a favorable balance between
performance and efficiency can be achieved.
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Different from strategies that introduce complex feature enhancement modules across
multiple scale branches, the proposed method applies this improvement only to the high-
resolution P3 branch, so as to balance the detection of leaves with subtle disease symptoms
with the requirement for lightweight deployment. Without significantly increasing model
complexity, this design was intended to enhance the representation of fine-grained disease-
related cues while limiting additional model complexity.

2.5. Bounding Box Regression Optimization with MPDIoU

In natural field environments, partial occlusion, leaf overlap, complex background
textures, and diverse leaf orientations can increase the difficulty of whole-leaf localization.
These factors can further degrade bounding-box regression accuracy. Although the baseline
model can detect diseased leaves, the conventional bounding box regression loss adopted in
the baseline still provides insufficient geometric constraints when localizing leaves that are
partially occluded, scale-variable, or difficult to separate from the background. To improve
the localization quality of diseased-leaf targets, the original bounding box regression loss
in the baseline model was replaced with the existing MPDIoU loss.

Built upon the traditional IoU metric, MPDIoU introduces distance constraints be-
tween the corresponding corner points of the predicted box and the ground-truth box. It
not only considers the overlap between the two boxes, but also further characterizes their
spatial displacement relationship, as illustrated in Figure 5. Specifically, let the ground-truth
box and the predicted box be denoted as and, heir top-left and bottom-right coordinates
are given by, respectively. Here, d1 and d2 denote the Euclidean distances between the
top-left corners and the bottom-right corners of the predicted box and the ground-truth
box, respectively, while w and h represent the width and height of the minimum enclosing
rectangle covering both boxes. By jointly considering overlap information and corner-point
distance information, MPDIoU provides more effective geometric constraints for bounding
box regression. The formulation is given as follows:

MPDIoU =
A ∩ B
A ∪ B

− d2
1

w2 + h2 − d2
2

w2 + h2 (4)

d2
1 =

(
xB

1 − xA
1

)2
+

(
yB

1 − yA
1

)2
, d2

2 =
(

xB
2 − xA

2

)2
+

(
yB

2 − yA
2

)2
(5)

Figure 5. Schematic illustration of the MPDIoU-based bounding box regression mechanism.
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Accordingly, the bounding box regression loss based on MPDIoU is defined as:

LMPDIoU = 1 − MPDIoU (6)

Compared with overlap-only IoU losses, MPDIoU additionally considers the distances
between corresponding corner points of the predicted and ground-truth boxes. This
property may provide complementary geometric constraints during regression, particularly
for targets with irregular shapes or ambiguous boundaries.

In summary, SPDConv, A2C2f_DEConv, and MPDIoU were complement one an-
other from the perspectives of detail preservation, feature enhancement, and localiza-
tion optimization, jointly improving the detection performance of the model in complex
natural scenes.

3. Experimental Design
3.1. Network Environment Configuration Details

The hardware platform used for model training in this study consisted of an Intel(R)
Xeon(R) Gold 6248 CPU and an NVIDIA GeForce RTX 3080 Ti GPU. The software envi-
ronment included CUDA 11.8, the PyTorch 2.1.2 framework, and Python 3.11.13. During
training, the input image size was set to 640 × 640, the batch size was set to 16, and the
model was trained for 300 epochs. The initial learning rate was set to 0.01, the weight
decay was set to 0.005, and automatic mixed precision training was enabled to improve
training efficiency.

3.2. Edge Deployment Environment

To evaluate the deployment feasibility of the proposed model on a resource-
constrained edge device, an NVIDIA Jetson Nano B01 development board was used as the
deployment platform. The board is equipped with a quad-core ARM Cortex-A57 processor,
a 128-core NVIDIA Maxwell GPU, and 4 GB of LPDDR4 shared memory. The deployment
system ran JetPack 4.6.1 (L4T R32.7.1), TensorRT 8.2.1, and Python 3.6.9 in MAXN power
mode. Both the baseline YOLOv12n and DFR-YOLOv12n models were exported to ONNX
format and converted to FP16 TensorRT engines on the same device. During deployment
benchmarking, both models used an input size of 640 × 640 and a batch size of 1.

3.3. Model Evaluation Metrics

To comprehensively evaluate the performance of the tomato leaf disease detection
model, Precision (P), Recall (R), and mean Average Precision (mAP) were adopted to assess
detection accuracy. Among them, mAP@0.5 denotes the mean Average Precision calculated
at an Intersection over Union (IoU) threshold of 0.5, whereas mAP@0.5:0.95 represents the
comprehensive result obtained by averaging the mAP values over multiple IoU thresholds
ranging from 0.5 to 0.95 with a step size of 0.05, thereby providing a more stringent
evaluation of the model’s localization and detection performance. Frames per second (FPS)
was used to evaluate the inference speed of the model, while the number of parameters
and floating point operations (FLOPs) were employed to measure model complexity. In
addition, model size was used to assess the storage overhead and deployment cost of the
model. The calculation formulas for P, R, mAP@0.5, and mAP@0.5:0.95 are given as follows:

P =
TP

TP + FP
(7)

R =
TP

TP + FN
(8)
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APi =
∫ 1

0
Pi(R)dR (9)

mAP =
1
N

N

∑
i=1

APi (10)

mAP@0.5 =
1
N

N

∑
i=1

APIoU=0.5
i (11)

mAP@0.5 : 0.95 =
1

10

9

∑
k=0

mAP@(0.5 + 0.05k) (12)

where TP denotes true positives, representing the number of positive samples correctly
predicted as positive by the classifier; FP denotes false positives, representing the number
of negative samples incorrectly predicted as positive; and FN denotes false negatives,
representing the number of positive samples incorrectly predicted as negative. TPi and FPj
denote the number of correctly predicted samples in the i-th category and the number of
incorrectly predicted samples in the j-th category, respectively, while n denotes the total
number of samples. APi represents the average precision of the i-th category, N denotes the
total number of categories, and mAP represents the mean of the average precision values
over all categories.

4. Experimental Results and Analysis
4.1. Ablation Experiments

To systematically evaluate the influence of each proposed improvement on model
performance, ablation experiments were conducted using YOLOv12n as the baseline model.
Three main improvements were introduced in this study, namely SPDConv, A2C2f_DEConv,
and the MPDIoU loss function. Based on the baseline model, a series of intermediate models
were progressively constructed to analyze the effects of individual and combined modules
on detection performance and model complexity. Specifically, Model 1 incorporates SPD-
Conv into the baseline model, Model 2 introduces A2C2f_DEConv, Model 3 replaces the
original bounding box regression loss with MPDIoU, and Model 4 combines both SPDConv
and A2C2f_DEConv. The final model, DFR-YOLOv12n, integrates all three improvements.
The experimental results are presented in Table 1.

Table 1. Ablation experiments on DFR-YOLOv12n.

Model SPDConv A2C2f_
DEConv MPDIoU Precision/

% Recall/% mAP@
0.5/%

mAP@
0.5:0.95/% FLOPs/G Parameters/

M FPS Model
Size/MB

YOLOv12n
(baseline) × × × 86.8 76.9 86.5 70.5 5.83 2.51 633.07 5.22

Model1
√

× × 87.0 77.5 86.9 71.0 5.44 2.26 632.17 4.76
Model2 ×

√
× 87.2 78.2 87.0 70.8 5.66 2.50 638.45 5.20

Model3 × ×
√

87.3 78.8 87.3 70.8 5.83 2.51 633.15 5.22
Model4

√ √
× 87.7 79.1 87.0 70.4 5.27 2.25 647.21 4.71

DFR-
YOLOv12n

(ours)

√ √ √
88.1 81.7 88.6 70.7 5.27 2.25 648.16 4.71

As shown in Table 1, the individual modifications and their combinations produced
different effects on detection accuracy and model complexity. Compared with the baseline
YOLOv12n, Model 1 increased Precision and Recall from 86.8% and 76.9% to 87.0% and
77.5%, respectively. The mAP@0.5 and mAP@0.5:0.95 increased from 86.5% and 70.5%
to 86.9% and 71.0%, respectively, while reducing FLOPs, parameters, and model size
from 5.83 G, 2.51 M, and 5.22 MB to 5.44 G, 2.26 M, and 4.76 MB. These results indicate
that SPDConv improves detection accuracy while effectively reducing computational
and storage costs. Model 2 with A2C2f_DEConv increased Precision, Recall, mAP@0.5,
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and mAP@0.5:0.95 to 87.2%, 78.2%, 87.0%, and 70.8%, respectively. Meanwhile, FLOPs
decrease to 5.66 G and FPS increases to 638.45, indicating that the accuracy gains were
obtained without increasing the computational cost. For Model 3, replacing the original
regression loss with MPDIoU raises Precision, Recall, mAP50, and mAP@0.5:0.95 to 87.3%,
78.8%, 87.3%, and 70.8%, respectively, without changing FLOPs, parameters, or model
size, because only the loss function was replaced in this variant, these improvements
were obtained without introducing additional structural complexity. Among the three
single-module variants, Model 3 achieved the largest mAP@0.5 gain of 0.8 percentage
points, whereas Model 1 achieved the highest mAP@0.5:0.95 of 71.0%. When SPDConv
and A2C2f_DEConv are jointly introduced, Model 4 achieves 87.7% Precision, 79.1% Recall,
and 87.0% mAP50, while FLOPs, parameters, and model size are reduced to 5.27 G, 2.25 M,
and 4.71 MB, respectively, and FPS increases to 647.21. However, its mAP@0.5:0.95 was
70.4%, which was 0.1 percentage points lower than that of the baseline. Therefore, Model 4
primarily improved recall and inference efficiency, but did not improve performance under
the stricter averaged IoU criterion.

After integrating all three improvements, DFR-YOLOv12n achieved the highest Pre-
cision, Recall, mAP@0.5, and FPS, reaching 88.1%, 81.7%, 88.6%, and 648.16, respectively.
Its mAP@0.5:0.95 reached 70.7%, which was 0.2 percentage points higher than that of
the baseline but 0.3 percentage points lower than that of Model 1. Compared with the
baseline, Precision, Recall, mAP@0.5, and mAP@0.5:0.95 increased by 1.3, 4.8, 2.1, and
0.2 percentage points, respectively. Overall, the combined configuration simultaneously
improved mAP@0.5 and recall while reducing model complexity and increasing inference
speed, although it did not achieve the highest mAP@0.5:0.95.

4.2. Comparison Experiments of SPDConv Located at Different Positions

To further investigate the effect of SPDConv at different network positions and deter-
mine its optimal insertion strategy, a series of comparative experiments were conducted
based on the YOLOv12n baseline model. Considering that the core mechanism of SPDConv
is to preserve complete channel information during downsampling so as to reduce the
loss of fine-grained features, placing it at different network depths or structures may lead
to substantially different effects on feature extraction efficiency and computational cost.
Therefore, SPDConv was separately introduced into the entire network, all downsampling
stages of the backbone, the neck, and the combined rear backbone and neck positions, and
the results were compared with those of the final insertion strategy adopted in this study.
The experimental results are presented in Table 2.

Table 2. Experimental results of SPDConv located at different positions.

Model mAP@0.5/% mAP@0.5:0.95/% FLOPs/G Model Size/MB

baseline 86.5 70.5 5.83 5.22

+SPDConv
(global) 85.2 69.8 5.39 4.57

+SPDConv
(backbone(all)) 84.5 69.7 8 4.77

+SPDConv
(neck) 87.2 70.9 5.7 5.03

+SPDConv
(backbone(P4,P5)&neck) 86.6 70.5 5.31 4.56

+SPDConv
(ours) 86.9 71.0 5.44 4.76
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As shown in Table 2, the placement of SPDConv affected both detection accuracy
and model complexity. When SPDConv is introduced throughout the entire network, the
FLOPs decrease from 5.83 G to 5.39 G and the model size is reduced from 5.22 MB to
4.57 MB, indicating a clear lightweighting effect. However, the mAP50 drops to 85.2%,
which is 1.3 percentage points lower than that of the baseline model. The mAP@0.5:0.95 also
decreased from 70.5% to 69.8%, corresponding to a reduction of 0.7 percentage points. Thus,
global placement reduced model complexity but decreased detection performance under
both evaluation criteria. When SPDConv was applied at all backbone positions, mAP@0.5
and mAP@0.5:0.95 decreased to 84.5% and 69.7%, respectively. Although the model size
decreased to 4.77 MB, the FLOPs increased to 8.00 G This configuration therefore did not
provide a favorable trade-off between detection accuracy and computational complexity.
In contrast, applying SPDConv only to the neck increased mAP@0.5 and mAP@0.5:0.95
to 87.2% and 70.9%, respectively. These values were 0.7 and 0.4 percentage points higher
than those of the baseline. Meanwhile, the FLOPs decrease to 5.70 G and the model size is
reduced to 5.03 MB. Among the tested placements, the neck-only configuration achieved the
highest mAP@0.5 and improved both accuracy metrics while reducing FLOPs and model
size. Furthermore, when SPDConv was introduced into the P4 and P5 backbone stages and
the neck, mAP@0.5 reached 86.6%, representing an increase of only 0.1 percentage points.
Its mAP@0.5:0.95 remained at 70.5%, the same as that of the baseline. Although FLOPs and
model size decreased to 5.31 G and 4.56 MB, respectively, this configuration provided little
improvement in detection accuracy. This suggests that although this strategy performs well
in terms of lightweight design, its gain in detection accuracy is not sufficiently prominent.

Overall, the final placement adopted in this study achieved an mAP@0.5 of 86.9% and
the highest mAP@0.5:0.95 of 71.0%. Compared with the baseline, these metrics increased
by 0.4 and 0.5 percentage points, respectively. Meanwhile, FLOPs decreased from 5.83 G to
5.44 G, and model size decreased from 5.22 MB to 4.76 MB. Although the neck-only config-
uration achieved a 0.3-percentage-point higher mAP@0.5, the selected scheme produced a
0.1-percentage-point higher mAP@0.5:0.95. It also reduced FLOPs by 0.26 G and model size
by 0.27 MB relative to the neck-only configuration. Therefore, this placement was selected
to balance detection accuracy under different IoU criteria, computational complexity, and
storage requirements.

4.3. Comparison Experiments of Different Feature Extraction Modules

To further verify the effectiveness of the introduced A2C2f_DEConv module and
evaluate the influence of different feature extraction modules on model performance, com-
parative experiments were conducted under the same experimental conditions using Model
1 as the baseline. Specifically, HWD [29], SCConv [30], C3RFEM [31], and A2C2f_DEConv
were separately introduced for comparison. The experimental results are presented in
Table 3.

Table 3. Experimental results of different feature extraction modules.

Model Precision/% Recall/% mAP@0.5/% mAP@0.5:0.95/% FLOPs/G Model Size/MB FPS

Model1 87.0 77.5 86.9 71.0 5.44 4.76 632.17
+HWD 87.0 78.3 87.0 70.7 5.31 4.56 440.48

+SCConv 85.2 76.6 85.9 69.5 5.27 4.71 644.85
+C3RFEM 89.1 76.2 85.7 69.4 5.48 4.77 438.46

+A2C2f_DEConv 87.7 79.1 87.0 70.4 5.27 4.71 647.21

As shown in Table 3, different feature extraction modules lead to clear differences in
detection accuracy, model complexity, and inference speed. HWD increased Recall and
mAP@0.5 to 78.3% and 87.0%, respectively, while reducing FLOPs and model size to 5.31 G
and 4.56 MB. However, its mAP@0.5:0.95 decreased to 70.7%, and its FPS decreased to

https://doi.org/10.3390/horticulturae12070879

https://doi.org/10.3390/horticulturae12070879


Horticulturae 2026, 12, 879 14 of 23

440.48. SCConv reduced FLOPs and model size to 5.27 G and 4.71 MB, respectively, but
its Precision, Recall, mAP@0.5, and mAP@0.5:0.95 were lower than those of Model 1. In
contrast, C3RFEM increased FLOPs and model size to 5.48 G and 4.77 MB, respectively.
Although it achieved the highest Precision of 89.1%, its Recall, mAP@0.5, mAP@0.5:0.95,
and FPS were lower than those of Model 1.

In contrast, A2C2f_DEConv achieves the most balanced results. After introducing
A2C2f_DEConv, the model attains 87.7% Precision, 79.1% Recall, 87.0% mAP@0.5, and 70.4%
mAP@0.5:0.95, while reducing FLOPs to 5.27 G and model size to 4.71 MB. Meanwhile, FPS
reaches 647.21, the highest among all compared methods. These results demonstrate that
A2C2f_DEConv can effectively enhance feature extraction while maintaining low model
complexity and high inference efficiency.

Overall, although each module exhibits advantages in specific metrics, A2C2f_DEConv
provides the best trade-off between detection accuracy, lightweight design, and real-time
performance. Therefore, it was selected as the feature extraction module in DFR-YOLOv12n.

4.4. Comparison Experiments of Different IoU Loss

To analyze the influence of different IoU loss functions on model performance, com-
parative experiments were conducted using Model 4 with the default CIoU as the baseline.
Specifically, EIoU [32], SIoU [33], DIoU [34], GIoU [35], ShapeIoU [36], Inner-CIoU [37],
and Focaler-CIoU [38] were selected for comparison. The results are presented in Table 4.

Table 4. Performance comparison of different IoU.

Model mAP@0.5/% mAP@0.5:0.95/%

Model4
(+CIoU) 87.0 70.4

+EIoU 85.8 70.2
+SIoU 87.0 70.9
+DIoU 88.0 71.2
+GIoU 88.0 71.0

+ShapeIoU 87.5 70.6
+Inner-CIoU 88.2 70.8

+Focaler-CIoU 88.2 71.1
DFR-YOLOv12n 88.6 70.7

As shown in Table 4, the evaluated IoU losses exhibited a metric-dependent trade-
off. DIoU achieved the highest mAP@0.5:0.95 of 71.2%, which was 0.5 percentage points
higher than that of MPDIoU, indicating better performance under stricter IoU thresholds.
In contrast, MPDIoU achieved the highest mAP@0.5 of 88.6%, exceeding DIoU by 0.6
percentage points. Because this study focuses on the detection and classification of complete
disease-affected leaves rather than precise lesion-boundary delineation, mAP@0.5 was used
as the primary criterion for selecting the regression loss. MPDIoU was therefore retained in
the final model.

4.5. Comparison Experiments of Various Object Detection Models

Based on the ablation experiments and the verified effectiveness of each pro-
posed improvement, further comparative experiments were conducted to comprehen-
sively evaluate the performance of the proposed model in tomato leaf disease detec-
tion. A series of mainstream object detection models, including YOLOv5n [39], YOLOv7-
tiny [40], YOLOv8n [41], YOLOv9-tiny [42], YOLOv10n [43], YOLOv11n [44], YOLOv12s,
YOLOv12m, and YOLOv26n, were selected for comparison. All models were trained and
tested under the same dataset and training conditions, and their performance was compre-
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hensively analyzed from the perspectives of detection accuracy and model complexity. The
results are presented in Table 5.

Table 5. Comparison of different mainstream object detection models.

Models mAP@0.5/% mAP@0.5:0.95/% FLOPs/G Parameters/M Model Size/MB

YOLOv5n 85.1 67.5 7.07 2.50 5.06
YOLOv7-tiny 86.2 68.8 6.01 13.20 12.30

YOLOv8n 86.4 69.6 8.06 3.01 5.99
YOLOv9-tiny 86.9 69.5 2.01 7.70 4.20

YOLOv10n 87.2 70.0 8.24 2.70 5.52
YOLOv11n 86.8 68.5 6.32 2.58 5.25
YOLOv12s 87.3 71.7 21.70 9.28 18.60
YOLOv12m 88.1 72.4 68.10 20.20 40.40
YOLOv26n 86.4 69.9 5.40 2.40 5.05

DFR-YOLOv12n 88.6 70.7 5.27 2.25 4.71

As shown in Table 5, the compared models exhibited different trade-offs between
detection accuracy and model complexity. The YOLOv5n–YOLOv11n baselines achieved
mAP@0.5 values ranging from 85.1% to 87.2% and mAP@0.5:0.95 values ranging from 67.5%
to 70.0%. Among these models, YOLOv10n achieved the highest values for both metrics, but
required 8.24 G FLOPs. YOLO26n reduced the computational cost to 5.40 G FLOPs, while
achieving an mAP@0.5 of 86.4% and an mAP@0.5:0.95 of 69.9%. The larger YOLOv12s and
YOLOv12m models increased mAP@0.5:0.95 to 71.7% and 72.4%, respectively. However,
their parameter counts increased to 9.28 M and 20.20 M, while their FLOPs reached 21.70 G
and 68.10 G.

DFR-YOLOv12n achieved the highest mAP@0.5 of 88.6%, together with an mAP@0.5:0.95
of 70.7%. It required 2.25 M parameters, 5.27 G FLOPs, and 4.71 MB of model storage. Com-
pared with YOLO26n, DFR-YOLOv12n improved mAP@0.5 and mAP@0.5:0.95 by 2.2 and
0.8 percentage points, respectively. It also reduced the parameter count, FLOPs, and model
size by 0.15 M, 0.13 G, and 0.34 MB, respectively. Although YOLOv12s and YOLOv12m
achieved higher mAP@0.5:0.95 values, both required substantially greater computational
and storage resources. Therefore, DFR-YOLOv12n combined the highest mAP@0.5 with
nano-scale model complexity, providing a favorable balance between detection accuracy
and computational cost.

4.6. Visualization of Detection Results

To provide a more intuitive evaluation of the disease detection performance of the
proposed DFR-YOLOv12n model under real natural conditions, several representative
tomato leaf images containing multi-scale lesions, complex background interference, and
densely distributed targets were selected for visual comparison with current mainstream
YOLO-series models. The detection results are shown in Figure 6.

As shown in Figure 6, clear differences can be observed among the compared models in
complex natural scenes. In samples (A) and (B), some competing models fail to completely
identify diseased leaves, resulting in missed detections or incorrect category predictions,
whereas DFR-YOLOv12n localizes diseased leaves more accurately with more complete
bounding-box coverage. In samples (C) and (G), where leaves are densely distributed,
partially occluded, and subject to strong background interference, the other YOLO-series
models exhibit varying degrees of false detections and missed detections. In contrast,
DFR-YOLOv12n detects more valid leaf targets while effectively suppressing redundant
bounding boxes, demonstrating stronger fine-grained disease-cue representation and better
resistance to background interference. In samples (D) and (E), where disease-related visual
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patterns are weak and affected leaves are difficult to distinguish from the background,
some compared models tend to misclassify background textures as diseased leaves or fail to
fully localize the affected leaf, whereas DFR-YOLOv12n still maintains relatively accurate
detection, indicating stronger fine-grained feature representation capability. In sample
(F), DFR-YOLOv12n also produces more stable detection results for small or sparsely
distributed diseased leaves.

 

Figure 6. Visual comparison of detection results for tomato leaf diseases across different models
in natural environments. Note: (A–G) represent different tomato leaf categories: (A) Early Blight,
(B) Late Blight, (C) Septoria, (D) Leaf Mold, (E) Mosaic Virus, (F) Bacterial Spot, and (G) Yellow Leaf
Curl Virus, respectively. The red circles in the figure indicate missed detections, and the yellow circles
indicate false detections.

Overall, DFR-YOLOv12n demonstrates superior detection performance across differ-
ent types of tomato leaf disease samples. In particular, it effectively reduces false detections
and missed detections under scenarios involving complex backgrounds, subtle disease
symptoms, leaf overlap, and scale variation. These results further confirm the robust-
ness and practical applicability of the proposed model in real-world tomato leaf disease
detection tasks.
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4.7. Edge Device Deployment Experiment

To further evaluate the deployment feasibility of DFR-YOLOv12n on a resource-
constrained platform, a quantitative edge-deployment benchmark was conducted on the
Jetson Nano B01 platform under the unified configuration described. Both YOLOv12n
and DFR-YOLOv12n were exported to ONNX format and converted into FP16 TensorRT
engines on the same Jetson Nano device. The two models were evaluated using identical
preprocessing, post-processing, input resolution, batch size, and benchmark procedures to
ensure a fair comparison.

As shown in Table 6, DFR-YOLOv12n reduced the FLOPs, parameter count, and
model size by 9.6%, 10.4%, and 9.8%, respectively, compared with YOLOv12n. Under
the same edge-deployment configuration, DFR-YOLOv12n achieved a mean end-to-end
latency of 124.599 ms, which was 10.4% lower than that of YOLOv12n (139.061 ms). Its
P95 end-to-end latency was reduced from 152.849 ms to 130.132 ms, corresponding to a
reduction of 14.9%. In addition, DFR-YOLOv12n increased the end-to-end throughput
from 7.191 FPS to 8.054 FPS, representing an improvement of 12.0%, while reducing peak
shared memory usage from 3165 MB to 3122 MB. These results indicate that the proposed
model improves detection performance while reducing model complexity and providing
lower latency and higher throughput on the tested edge device. Therefore, DFR-YOLOv12n
demonstrates improved deployment efficiency relative to the YOLOv12n baseline under
the evaluated configuration.

Table 6. Edge-deployment comparison of YOLOv12n and DFR-YOLOv12n on the Jetson Nano
B01 platform.

Model FLOPs (G) Parameters
(M)

Model Size
(MB)

Precision
Mode

Mean
End-to-End

Latency (ms)

P95
End-to-End

Latency (ms)

End-to-End
Throughput

(FPS)

Peak Shared
Memory (MB)

YOLOv12n 5.83 2.51 5.22 FP16 TensorRT 139.061 152.849 7.191 3165
DFR-

YOLOv12n 5.27 2.25 4.71 FP16 TensorRT 124.599 130.132 8.054 3122

At the system implementation level, a graphical user interface for practical tomato leaf
disease detection was further developed. The system supports three input modes, including
static image import, video import, and real-time acquisition via a USB camera. During
detection, it can simultaneously display disease category, bounding box, confidence score,
inference time, and frame rate, and can automatically output corresponding disease control
recommendations according to the recognition results. In addition, the system provides
a result-saving function for subsequent record keeping and application demonstration.
Figure 7 shows the interface of the proposed edge-side tomato leaf disease detection
system. As can be seen, the system already possesses relatively complete human-computer
interaction functions and visual result presentation capability.

Overall, the deployment results verify that DFR-YOLOv12n can be executed on the
Jetson Nano platform and supports image-, video-, and camera-based disease detection.
The observed reductions in model complexity, end-to-end latency, and shared memory
usage, together with the increase in throughput, demonstrate the deployment feasibility of
the proposed model for resource-constrained agricultural applications.
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Figure 7. Graphical user interface of the tomato leaf disease detection system deployed on the Jetson
Nano platform.

5. Discussion
5.1. Detection Improvement Under Natural Conditions Depends on the Coordinated Optimization
of Multiple Bottlenecks

Existing studies generally agree that the major bottlenecks in tomato leaf disease detec-
tion under natural conditions do not arise from a single factor, but rather from the combined
effects of subtle disease symptoms, leaf occlusion, complex backgrounds, and illumination
variation. In real-world image acquisition scenarios, disease-related visual cues are often
subtle and localized within leaves. As a result, models are prone to losing fine-grained
details during downsampling and to producing localization errors during subsequent
regression. In recent years, both E-TomatoDet based on global–local feature fusion [45] and
the improved YOLO11n framework based on multi-scale feature fusion [46] have indicated
that performance improvement in complex scenes usually depends on the coordinated
enhancement of multi-scale feature representation, local texture modeling, and fine-grained
disease-cue representation, rather than on a single structural modification. The results of
this study are largely consistent with these observations. SPDConv improves the preserva-
tion of fine-grained disease-related cues at critical downsampling stages, A2C2f_DEConv
enhances the representation of local textures and disease-related appearance variations,
and MPDIoU optimizes bounding box regression quality under occlusion and background
interference. Since these three components act on feature preservation, feature representa-
tion, and localization regression, respectively, they exhibit strong complementarity. The
ablation experiments show that their combined configuration achieves the best overall
performance, indicating that performance improvement in tomato leaf disease detection
under natural conditions depends more on the coordinated mitigation of multiple key
bottlenecks than on the local enhancement brought by any single module alone.
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5.2. Lightweight Improvement Is More Effective When Accuracy, Complexity, and Deployability
Are Jointly Balanced

The value of a lightweight model lies not merely in parameter reduction, but in
whether it can maintain stable, effective, and deployable detection performance under
limited computational resources. Recent studies on tomato leaf disease detection, such as LT-
YOLO [47] and the lightweight recognition method based on an improved YOLOv11s [48],
have generally considered model size, inference efficiency, and agricultural edge-side
application scenarios in an integrated manner, suggesting that the essence of lightweight
design is to balance accuracy, complexity, and deployment cost.

The experimental results of this study show that DFR-YOLOv12n achieves favorable
detection performance while maintaining a low parameter count, low FLOPs, and a com-
pact model size. This indicates that the performance gain does not arise from a substantial
expansion of network scale, but mainly from targeted optimization of key hierarchical
structures, that is, improving feature utilization efficiency under a fixed computational bud-
get to achieve better performance under lightweight constraints. This finding is consistent
with the research trends reflected in LT-YOLO and GAE-YOLO [49], namely that effec-
tive lightweight improvement depends more on the proper alignment between structural
configuration and task requirements than on the simple stacking of complex modules.

In addition, deployment validation was completed on the Jetson Nano platform,
with support for image, video, and real-time camera input. Together with related stud-
ies such as GAE-YOLO and a lightweight tomato disease and pest detection model for
smart agriculture [50], these results suggest that edge deployment capability is gradually
becoming an important dimension for evaluating the practical value of agricultural vi-
sion models. The deployment results in this study further demonstrate that the proposed
method not only delivers strong overall performance in offline testing, but also shows
promising feasibility for migration to resource-constrained edge devices. Therefore, DFR-
YOLOv12n achieves a reasonable balance among detection accuracy, computational cost,
and deployment adaptability.

5.3. Practical Applicability Is Promising, but External Validation and Engineering Evaluation
Remain Necessary

From an application perspective, the significance of this study lies in establishing
a relatively complete technical pathway for tomato leaf disease detection under natural
conditions, encompassing structural improvement, experimental validation, and edge de-
ployment. Existing studies have shown that tomato disease detection is gradually shifting
from offline recognition under dataset conditions toward application-oriented research
targeting complex environments, agricultural equipment, and edge terminals [51,52]. In
this study, both complex-scene adaptability and edge-side deployment feasibility were
validated simultaneously, indicating promising practical potential.

Nevertheless, several limitations remain. First, although the constructed dataset is
characterized by multi-source acquisition and natural-scene attributes, the current evalu-
ation is still mainly based on the data split used in this study, and systematic validation
on fully independent external datasets is still lacking. Therefore, the generalization capa-
bility of the model across regions, devices, and scenarios requires further investigation.
Second, the current deployment experiments mainly verify the operational feasibility of
the proposed method, whereas engineering indicators such as long-term stability, power
consumption, and edge-side resource usage have not yet been analyzed in depth. Future
work could further incorporate cross-dataset evaluation, model pruning, quantization,
or knowledge distillation, and combine the proposed method with mobile acquisition
terminals, greenhouse monitoring platforms, or field inspection systems to further enhance
its practical applicability.
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6. Conclusions
This study proposes DFR-YOLOv12n to improve tomato leaf disease detection under

natural conditions while retaining a lightweight architecture. By integrating SPDConv at
key downsampling stages, A2C2f_DEConv in the P3 branch, and MPDIoU for bounding-
box regression, the model strengthens detail preservation, feature representation, and
localization. Compared with baseline YOLOv12n, DFR-YOLOv12n increased precision,
recall, and mAP@0.5 from 86.8%, 76.9%, and 86.5% to 88.1%, 81.7%, and 88.6%, respectively.
It also reduced FLOPs, parameter count, and model size from 5.83 G, 2.51 M, and 5.22 MB
to 5.27 G, 2.25 M, and 4.71 MB. Deployment on the Jetson Nano supported image, video,
and real-time camera inputs, reduced mean latency by 10.4%, and increased throughput
by 12.0%. These findings indicate that DFR-YOLOv12n balances detection accuracy, com-
putational cost, and edge-deployment feasibility under the evaluated dataset and device
conditions. Future work will examine cross-dataset generalization, model compression,
and integration with practical agricultural monitoring systems.
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Abbreviations
The following abbreviations are used in this manuscript:

YOLO You Only Look Once

DFR
Detail-preserving downsampling, feature fusion enhancement, and
regression optimization

SPDConv Space-to-Depth Convolution
A2C2f_DEConv A2C2f module embedded with Detail-Enhanced Convolution
DEConv Detail-Enhanced Convolution
MPDIoU Minimum Point Distance Intersection over Union
IoU Intersection over Union
CIoU Complete Intersection over Union
EIoU Efficient Intersection over Union
SIoU Scylla Intersection over Union
DIoU Distance Intersection over Union
GIoU Generalized Intersection over Union
mAP mean Average Precision
FLOPs Floating Point Operations
FPS Frames Per Second
ONNX Open Neural Network Exchange
CUDA Compute Unified Device Architecture
TensorRT NVIDIA TensorRT inference optimization framework
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