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Abstract

Under the dwarf-rootstock dense planting method, existing apple detection models for
intelligent harvesting suffer from excessive parameter counts that hinder deployment on
resource-constrained devices, while lightweight alternatives often sacrifice detection ac-
curacy. To address this dilemma, this paper proposes YOLO-SPM, a lightweight apple
detection model based on the YOLOv12n architecture, specifically designed for complex
orchard environments. The core innovation lies in a problem-driven, three-stage collabo-
rative optimization strategy: first, PConv is introduced to replace standard convolutions
in the A2C2f module, reducing computational redundancy by exploiting channel-wise
feature similarity of apple targets; second, the parameter-free SimAM attention mecha-
nism is embedded in the neck network to enhance the model’s focus on occluded fruit
features without increasing model size, while MBConv is integrated into the detection
head to further reduce computational cost; third, WIoU v3 is adopted as the loss function
to compensate for the accuracy loss incurred by lightweight design through its dynamic
focusing mechanism on difficult samples. This complementary design ensures that each
module addresses a distinct bottleneck of the native YOLOv12n in orchard scenarios,
achieving a balance between efficiency and accuracy rather than simple module stacking.
Experimental results demonstrate that YOLO-SPM achieves a precision of 92.8% and
mAP@0.5 of 93.1%, outperforming the baseline by 4.8 and 5.3 percentage points, respec-
tively, while reducing parameter count, FLOPs, and memory footprint by 40.2%, 35.4%,
and 41.8%. This study provides a feasible solution for high-precision apple identification
in dwarf-rootstock dense planting orchard environments, with the potential for integra-
tion into automated harvesting systems upon future on-device validation.

Keywords: apple; unstructured orchard; cluttered environment object detection;
YOLO-SPM,; lightweight

1. Introduction

Apples are an important edible fruit globally [1]. As the world’s leading apple pro-
ducer and consumer, China’s annual apple production and planting area over the past
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ten years are shown in Figure 1. In 2023, the annual apple production reached 4960.17
million tons, accounting for over 50% of the world’s total production. The increase in ap-
ple production poses a huge challenge to harvesting efficiency. Since apple harvesting in
China is still primarily manual, it is inefficient and costly [2-5]. In 2023, the average total
cost of apple production per unit area in China was CNY 5451.3/mu. Therefore, intelligent
apple-picking robots have huge development prospects [6]. In the development of intelli-
gent apple-picking systems, how to overcome interference from complex environmental
factors and achieve precise and efficient fruit identification is a key technical problem that
needs to be solved urgently [7,8]. In natural complex scenes, traditional detection methods
are easily affected by lighting changes, leaf occlusion, and background noise interference
[9], leading to significant degradation in detection performance and difficulty in meeting
practical application requirements. To address labor shortage issues, improve production
efficiency, and reduce production costs, it is necessary to study more efficient and reliable
apple identification algorithms that can meet lightweight deployment requirements for

picking robots.
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Figure 1. China’s apple planting area and production in the past ten years: (a) China’s apple planting

area in the past ten years; (b) China’s apple production in the past ten years.

The rapid development of the artificial intelligence industry has driven new deep
learning-based object detection methods, which are mainly divided into two-stage object
detection and one-stage object detection. Two-stage object detection first obtains anchor
boxes for detection targets, then performs classification and regression, e.g., Mask R-CNN
[10] and Faster R-CNN [11]. One-stage object detection algorithms require only one step
to achieve end-to-end detection, e.g., SSD [12], RetinaNet [13], and the YOLO [14] series.
In particular, the detection methods based on the YOLO series have shown good adapta-
bility in challenging unstructured orchard environments. Many scholars have used the
YOLO series for object recognition research. Jiuxin Wang et al. introduced MBConv to
improve the standard convolution module in the YOLOv5s backbone, introduced the least
squares method to correct misjudged data output results, introduced an object association
recognition method, and designed a multi-object picking path, reducing the model size to
6.01 MB and increasing efficiency by 89% [15]. Liusong Yang et al. addressed the detection
difficulties of bagged apples in natural environments due to appearance changes, occlu-
sions, and complex backgrounds and proposed a lightweight model AAB-YOLO based
on improved YOLOv11. By introducing the ADown module, C3k2_ContextGuided mod-
ule, Detect SEAM module, and Inner_EloU loss function, the model’'s mAP@50 is
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increased to 0.921, its precision is increased to 0.951, its recall is improved by 1.04%, and
the parameter count and computational load are reduced by 37.7% and 38.1%, respec-
tively, achieving a balance between high accuracy and lightweight design to meet the real-
time detection needs of orchards [16]. Heng Fu et al. proposed an improved apple detec-
tion model MSOAR-YOLOV10. A 160 x 160 scale feature layer is added to the backbone,
the C2fCIB convolution module in the backbone embeds a squeeze-excitation attention
mechanism, a diversified branch module is introduced to enhance the representation ca-
pability of the convolutional neural network, and the normalized Wasserstein distance
loss function is adopted, raising the model’s precision, recall, and average precision mean
t0 89.3%, 89.8%, and 92.8%, respectively, which are improvements of 3.1%, 2.2%, and 3.0%
over the original model [17]. Zhipeng Wang et al. addressed the difficulty of the real-time
detection of the stem/calyx position during the post-harvest commercialization of fruits
based on the YOLO-v5 algorithm by performing detection-head search, layer pruning,
and channel pruning optimization. The optimized model’s parameter count and weight
size are reduced by about 71%, the detection speed for the CPU reaches 25.51 frames per
second, the mean average precision is 0.880, the F1 score is 0.851, and the detection accu-
racy for stems/calyxes of different apple varieties reaches 93.89%, providing a technical
basis for automated fruit loading and packaging systems [18].

Despite the successes of YOLO-series detectors in various agricultural tasks, the na-
tive YOLOv12n model still exhibits notable limitations when applied to dwarf-rootstock
dense-planting orchards. First, its standard convolutional layers in the A2C2f module in-
troduce substantial computational redundancy, as the feature maps of apple targets often
exhibit high channel-wise similarity; processing all channels with equal density leads to
unnecessary FLOPs and memory access, which is particularly detrimental for edge-device
deployment. Second, the attention mechanism in YOLOv12n, while effective for generic
object detection, tends to produce scattered energy maps under high-noise orchard back-
grounds (e.g., dappled light, leaf clutter, and fruit overlap), failing to consistently focus
on the discriminative textures of apples such as stems, spots, and partially occluded con-
tours [16]. Third, the detection head using standard convolution lacks efficient feature re-
calibration for small or heavily occluded fruits, resulting in increased missed detections.
Fourth, the CloU loss function imposes rigid geometric penalties on the aspect ratio,
which is suboptimal for near-circular apple targets and sensitive to low-quality annota-
tions caused by occlusion and illumination variation [17]. These deficiencies motivate the
design of YOLO-SPM, which addresses each bottleneck with tailored lightweight modules.

Although existing research has achieved certain results in network lightweighting or
recognition accuracy, there remain two prominent challenges: the performance of light-
weight models is insufficient, especially in terms of robustness and real-time processing
capability under complex environmental conditions; on the other hand, high-performance
models lack lightweighting, leading to high resource consumption and difficulty in de-
ployment on embedded platforms with limited computational power [15,17]. To address
the above issues, this study takes apples in a dwarf-rootstock dense-planting orchard en-
vironment as the research object and, based on the YOLOv12n model, proposes a light-
weight apple detection algorithm that has the potential for deployment on edge devices:
YOLO-SPM. The overall method of this paper is shown in Figure 2.

The main work completed includes the following four points:

(1) Inthe baseline model, introduce PConv in the A2C2f module to replace the ordinary
convolution structure, improving computational efficiency.

(2) Introduce the SimAM attention mechanism in the neck network to enhance recogni-
tion accuracy without increasing model complexity or computational burden.

(3) Fuse MBConv in the detection head for optimization, improving recognition effi-
ciency and further reducing model computational load.

https://doi.org/10.3390/agriculture16131395



Agriculture 2026, 16, 1395

4 of 26

(4) Introduce WIoU v3 to improve the loss function, achieving optimal allocation of lim-
ited computational resources and enhancing model generalization capability. This
research result provides a feasible solution for effectively handling apple recognition
problems in resource-constrained environments, filling many limitations of the exist-

ing detection models.

Meural network localization

and recognition
OO0

Dataset of

ualitative Result %
a predicted results

Figure 2. Method overview illustration: (a) image collection; (b) data labeling and dataset prepara-
tion, red bounding boxes are used to indicate apple targets; (c¢) model training; (d) visualization of
individual layers and heatmap results; (e) dataset; (f) ground truth result graph.

2. Materials and Methods

2.1. Image Acquisition

The image dataset was captured from late September to early October 2025 at a
dwarf-rootstock dense-planting apple orchard in the Fifth Regiment, 13th Company of
Aksu District, Xinjiang Uyghur Autonomous Region. At the time of image acquisition, the
apples were already mature and about to enter the concentrated harvest period; the fruit
skin showed red coloration, and there was severe fruit-to-fruit occlusion. The orchard’s
apple cultivation methods consist of V-shaped trellis-assisted planting and standard
dwarf-rootstock planting.

Multiple image acquisition devices were used, and the images were saved in JPG
format. The camera was fixed at a distance of 0.5 m from the tree planting point and
moved back and forth along the plant row direction to simulate actual picking viewpoint
changes. During acquisition, for five consecutive days, images were captured at different
times of day in different planting zones to enrich the dataset. After quality assessment of
the collected images, 5325 images were retained for model training and testing. As shown
in Figure 3, the dataset includes various situations such as leaf occlusion, fruit overlap,
branch occlusion, and sufficient light without occlusion under different lighting condi-
tions.

https://doi.org/10.3390/agriculture16131395
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Figure 3. Dataset examples (partial): (a) sufficient light without occlusion; (b) glare and backlight;

(c) uneven lighting; (d) leaf occlusion; (e) fruit overlap; (f) branch/foreign object occlusion.

2.2. Data Set Pre-Processing

The images were manually annotated using the Labelme image annotation software,
drawing the minimum bounding rectangle for apple targets in the tree images. To facili-
tate intelligent harvesting, apples with large-area occlusion or full occlusion were not an-
notated, and the generated annotation files were saved in XML format.

To enrich the image dataset and improve the model’s generalization ability and ro-
bustness, data augmentation was applied to the training set images, including horizontal
rotation, vertical rotation, central cropping, brightness variation, contrast enhancement,
saturation transformation, Gaussian noise, and salt-and-pepper noise, among other aug-
mentation methods.

The original images were captured using multiple consumer-grade smartphone de-
vices, primarily including Huawei Mate 70 Pro, Xiaomi 14, and so on, and saved in JPG
format. The original resolution of all images is 1920 x 1080 pixels. During model training
and inference, each image is uniformly resized to 640 x 640 pixels via letterboxing (pre-
serving the original aspect ratio while padding the remaining areas with gray pixels) to
meet the input requirement of the YOLOv12n backbone. Before each training session, the
entire dataset of 5325 images was randomly split into training, validation, and test sets at
a ratio of 7:2:1, resulting in approximately 3727 images for training, 1065 for validation,
and 533 for testing. This random partitioning strategy ensures the model’s generalization
ability across different orchard scenes and acquisition conditions.

2.3. YOLO-SPM Apple Detection Model

As a representative one-stage object detection algorithm, the YOLO series models
integrate localization and classification into an end-to-end regression task; compared with

https://doi.org/10.3390/agriculture16131395
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two-stage object detection algorithms, they offer higher real-time performance and can
achieve efficient detection [19,20].

In dwarf-rootstock dense-planting orchards, apples grow in an environment where
branches intersect and leaves overlap; dense occlusions and cluttered backgrounds can
easily lead to missed detections or false detections, while orchard operations such as in-
telligent harvesting and automatic inspection impose higher requirements on the detec-
tion model’s real-time performance and accuracy.

Therefore, YOLOv12n was selected as the baseline for the following reasons:

(1) Itis the smallest and fastest variant in the YOLOvV12 series, making it the most suita-
ble starting point for lightweight design.

(2) Compared to YOLOv8n and YOLOv11ln, YOLOv12n incorporates an area-attention
mechanism (A2) that provides stronger multi-scale feature representation, which is
beneficial for detecting apples of varying sizes in orchard environments.

(3) At the time of this study, YOLOv12n was the state-of-the-art YOLO variant with the
best trade-off between speed and accuracy among nano-scale models.

To ensure a fair comparison, we also included YOLOv8n and YOLOv11n in the com-
parative experiments, and YOLO-SPM consistently outperforms them, as shown in the
ablation experiment section.

The YOLOVI12 series includes five specifications: n, s, m, 1, and x. Among them,
YOLOV12n, the smallest specification in the series, has extremely fast inference speed and
relatively high detection accuracy. However, in the dwarf-rootstock dense-planting mode,
the common complex environment of fruit overlap and branch-leaf occlusion, as well as
the inevitable complex lighting conditions during image acquisition, cause the existing
attention mechanism to fail to accurately capture the corresponding target features, easily
leading to feature confusion and resulting in higher false detection and missed detection
rates.

Studies on lightweight apple detection have primarily focused on pruning or single-
module substitution [15,18], not multi-module synergistic integration. Attention mecha-
nisms have been applied to fruit detection [16] but without considering the joint optimi-
zation of architecture and loss function. Loss function optimization has been explored [17]
but without integration with lightweight architectural design. Therefore, this study pro-
poses a lightweight apple detection algorithm, YOLO-SPM, based on the YOLOv12n
framework [21,22]. To overcome the aforementioned limitations, YOLO-SPM introduces
four targeted improvements:

(1) Replacing the standard convolutions in the A2C2f module with Partial Convolution
to reduce channel-wise redundancy.

(2) Embedding a parameter-free SimAM attention module in the neck to enhance salient
feature capture without extra parameters.

(3) Substituting the conventional detection head with an MBConv-based lightweight
head that maintains feature discriminability.

(4) Adopting the WIoU v3 loss function with a dynamic focusing mechanism to handle
low-quality samples and near-circular apple shapes.

The subsequent subsections detail each adaptation and explain its specific benefits
for apple detection in complex orchards. The improved network architecture diagram and
module diagram are shown in Figure 4.
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Agriculture 2026, 16, 1395

7 of 26

B o] C_PConv

St
Lol cane th=13 | (€ oo Gl

" Concat_|

: ' : :
(o . :
E | CIk2 | i A2C21 PCany _ — 0 MBHesd )

- : 5 _
G ] 1| ] E2 o] i 5 . cad
: | [ i = : . [ Comw |—f MB0emy } [ |
i [ ('.:m | - | [ I'i'l'.’ | : i | ITony —"i Conv —- [WCany |-— Canv —-{ l"r‘:ll.::n:m—I{ll:- 5% |
| 3 1
-—-'- MEllead > | 2
i _ ; |

Backisone Meck Head

(a) (b)

Figure 4. Network architecture diagram: (a) YOLO-SPM structure diagram; (b) structure diagram
of the improved module in YOLO-SPM.

In this paper, for the feature extraction module A2C2f in the backbone and neck net-
works, the C3k module, which connects multiple convolutional layers to implement at-
tention mechanism fusion and dynamic receptive field adjustment, is lightweighted: us-
ing FasterBlock to replace the bottleneck to obtain C3k_Pconv and replacing the ABlock
module in A2C2f to obtain the A2C2f_PConv module achieves lightweight improvement.
A SimAM attention module is inserted before the detection head, which significantly im-
proves small-target detection performance with very little computational overhead while
preserving important fruit features, enhancing computational efficiency, and further re-
ducing the computational cost. In addition, the standard convolution used for bounding-
box regression in the detection head Detect is replaced by MBConv to obtain MBHead,
lightweighting the detection head and speeding up prediction inference. The bounding-
box regression loss function CloU in Detect is replaced by WloU v3; although this causes
a slight increase in computational cost, it brings significant accuracy improvement and
training stability enhancement, making it suitable for apple recognition scenarios charac-
terized by small-target detection and difficult samples.

2.4. A2C2f _PConv

The apple identification model needs to be deployed on edge devices, so there is a
certain requirement for the model’s memory footprint. In the original YOLOV12 architec-
ture, each A2C2f module uses two 1 x 1 standard convolutions, which means that in each
computational step, a large number of convolution kernel operations are required, bring-
ing a significant computational burden [23], especially for edge devices, which is a huge
computational overhead.

Several lightweight convolution designs have been proposed to reduce this compu-
tational burden, as illustrated in Figure 5. However, each has inherent limitations for de-
ployment on resource-constrained devices: Group Convolution [24] reduces FLOPs by di-
viding channels into groups but may degrade feature representation when cross-group
information is required; Ghost Convolution [25] generates features via low-cost opera-
tions but introduces additional memory access overhead; depthwise separable convolu-
tion [26] decouples spatial filtering and channel combination, yet its independent channel
processing ignores inter-channel correlations, weakening feature extraction capability
[27]. Therefore, we adopt Partial Convolution (PConv) as a more suitable alternative for
apple detection, as detailed below.

https://doi.org/10.3390/agriculture16131395
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Figure 5. Structure diagram of different lightweight convolution layer methods: (a) standard con-
volution; (b) Group Convolution; (c¢) Ghost Convolution; (d) depthwise separable convolution; (e)

Partial Convolution.

As shown in Figure 5e, after comprehensive comparison, this paper designs an im-
proved PConv_A2C2f module by borrowing FasterBlock from FasterNet and Partial Con-
volution [27]. PConv applies filters only on a few input channels, leaving the other chan-
nels untouched, leveraging the similarity between different channel features and the re-
dundancy in their feature maps to optimize computational cost and reduce floating-point
operations.

Let the input feature map be X € RH*W

RCXHXW

and the output feature map be Y €
, assuming the same input and output channels for simplicity. A standard convo-
lution with kernel size K X K has a computational cost (FLOPs) of:

FLOPSg g = K% X Cipy X Cope X HX W. (1)

For PConv, we apply the convolution only on a subset of C, =7 X C input channels,

where r € (0,1] is the channel retention ratio (typically r = % in practice). The remain-

ing (1 —7r)C channels are directly passed through without computation. The FLOPs for
PConv become:

FLOPSpcony = K2 X Cy X Cope X HX W =7 X FLOPsg4. @)

When r = i, PConv reduces the computational cost to 25% of the standard convolu-
tion. Moreover, because PConv maintains the original channel topology for the untouched
channels, no additional memory read/write operations are introduced for those channels,
avoiding the “low FLOPs but high memory access” pitfall common in depthwise separa-
ble or Ghost Convolutions. The total memory access volume (MAC) for PConv is approx-
imately:

MACPCOTH] =HXW X (ZCP + KZ X Cp X Cout)- (3)

https://doi.org/10.3390/agriculture16131395
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which is also reduced proportionally to r. This mathematical advantage directly trans-
lates into lower latency and energy consumption on resource-constrained edge devices.

Compared with traditional convolution, it performs high-density spatial convolution
only on a subset of input channels, preserving the complete channel information flow to-
pology, optimizing continuous memory access and regular computation patterns, reduc-
ing redundant computation and memory access, effectively lowering computational and
memory costs, and improving network runtime efficiency, making it more suitable for
modern GPU parallel computing architectures and achieving higher computational effi-
ciency in actual hardware deployment.

Apples in dense-planting orchards exhibit strong channel-wise feature similarity due
to their uniform color and texture across different spatial locations. Standard convolutions
process all channels equally, generating redundant computations that are unnecessary for
this redundancy pattern. PConv exploits this similarity by applying dense convolution
only on a fraction of input channels while leaving the others untouched, thereby preserv-
ing essential information with significantly reduced FLOPs and memory access. This de-
sign is particularly beneficial for real-time apple detection on embedded harvesters, where
computational budgets are strictly limited.

2.5. SimAM

The attention mechanism extracts the most salient features from the input sequence
by computing a weighted combination of input vectors, representing an efficient feature
extraction method. The attention module of YOLOv12 employs a complex filter bank that
can focus on a single target when multiple different objects appear in the visual field.
However, in densely occluded and cluttered orchard scenarios, its global energy compu-
tation on the feature map tends to be scattered due to high noise background, dispersing
the attention distribution on key fruit regions, making it difficult to capture fruit texture
features and affecting the response of occluded apples and edge information. Therefore,
to filter out feature combinations that assist recognition, this study integrates the SimAM
[28] attention mechanism into the YOLOvV12 architecture, which can resolve the feature
misalignment problem caused by directly stacking multi-scale components and thus im-
prove overall performance.

As shown in Figure 6, in traditional attention mechanisms, the Channel Attention
Mechanism [29] mainly models inter-channel dependencies to optimize features. It treats
all neurons within the same channel as identical processing units and uses a two-dimen-
sional weight vector to recalibrate channel-wise features, which cannot compute true
three-dimensional weights and requires substantial computational resources. The Spatial
Attention Mechanism [30] focuses on establishing a feature selection mechanism in the
spatial dimension but remains limited to a single-dimension calibration. The SimAM
module is innovatively based on the spatial suppression principle observed in mamma-
lian brains, where the most informative neurons are those that exhibit firing patterns
markedly different from the surrounding neurons, and active neurons may suppress the
activity of neighboring neurons. To fully exploit the neuron’s value, it proposes an im-
proved energy function:

M-1

1 2 2
e (W, b, y,x;) = m Z (_1 = (wex; + bt)) + (1 — (wet + bt)) + AWtz- 4)
i=1

where ¢ and x; are input features, X € R“*H*" represents the target neuron and other
neurons in a single channel, iis the index in the spatial dimension, M = H X W is the
number of neurons on this channel, and w; and b, are the weight and bias of the linear
transformation.

https://doi.org/10.3390/agriculture16131395
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Figure 6. Schematic diagram of different attention mechanisms modules.

Assuming all pixels in a single channel follow the same distribution, we can compute
the mean and variance for all neurons once and reuse them on that channel, obtaining the
minimum energy computation formula:

. 4(62+ 1)
%= — )2+ 262+ 24

@)

where [i = %Z{"Ll x; and 6% = % Zivi L(xi — 2)? are for the global channel statistics, and
Ue = ﬁzi# x; and of = ﬁ Z# (X — Ue)?* are for the per-neuron statistics.

The derived closed-form solution enables parameter-free attention weight calcula-
tion. It not only enhances the theoretical interpretability of the module but also improves
the model’s computational efficiency.

The key discriminative features of apples in cluttered orchard scenes—such as fruit
stems, calyxes, surface spots, and the boundary contours of partially occluded fruits—are
often subtle and easily overwhelmed by background noise. Traditional channel or spatial
attention mechanisms require additional parameters and may still mislocalize attention
under high interference. SimAM’s parameter-free, neuron-level energy function com-
putes a three-dimensional attention weight that inherently suppresses the surrounding
irrelevant neurons, making it exceptionally suited for highlighting these fine-grained ap-
ple features without increasing model size. The improved attention focus directly trans-
lates into higher recall for occluded or small-sized apples. Therefore, the SimAM module
is inserted before the detection head to address the key issues of leaf occlusion and clut-
tered background in dwarf-rootstock dense-planting orchards.

2.6. MBConv_Head: Lightweight Detection Head

In apple detection tasks, target features are often partially occluded and subject to
background noise interference. Traditional convolution operations suffer from

https://doi.org/10.3390/agriculture16131395
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insufficient feature expression and high computational redundancy when processing such
targets. To enhance the detection head’s sensitivity to target features while maintaining
model efficiency, this study introduces the MBConv module [31] from EfficientNet [32] to
construct the MBConv_Head detection head. Efficient feature extraction and enhance-
ment are achieved through an inverted residual structure and depthwise separable con-
volution.

As shown in Figure 7, the MBConv module uses a 1 x 1 convolution to increase di-
mensions and expand channels, obtaining more dimensions of learnable features; it relies
on the depthwise convolution in depthwise separable convolution to extract spatial fea-
tures, and pointwise convolution fuses channel features, greatly reducing the computa-
tional load. Compared with traditional convolution, it can maintain good feature extrac-
tion capability while reducing computational cost, making it more suitable for edge de-
vices and other scenarios with limited computational resources. The SE module weights
channel features, automatically focusing on important feature channels and suppressing
unimportant ones, effectively extracting and utilizing features to improve model accuracy
and generalization. Finally, a 1 x 1 convolution reduces dimensions for feature fusion and
compression to obtain the output feature map. Thanks to the shortcut connection, the in-
put features are added to the output features, enabling the network to better learn the
mapping between input and output.
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Figure 7. Schematic diagram of the MBConv module.

Through a three-stage cascade transformation architecture, the number of model pa-
rameters is reduced, decreasing storage requirements and the risk of over-fitting, making
the model more lightweight and easier to deploy. Therefore, introducing MBConv can
help the detection head maintain computational efficiency while significantly enhancing
the discriminative ability of features in complex backgrounds. MBConv_Head processes
three feature maps (layers 14, 17, 20; channels 64, 128, 256), each with an expansion ratio
of 4, 3 x 3 depthwise convolution and SE ratio 0.25. The total model has 2,248,371 param-
eters and 5.2 GFLOPs (484 layers), reducing the parameter count by 12.2% and FLOPs by
20.0% versus the standard head.

The detection head in lightweight models often becomes a bottleneck: standard con-
volutions either consume too many resources or lose expressive power. MBConv ad-
dresses this through an inverted residual structure and depthwise separable convolution,
which reduce computational load while maintaining a large receptive field through the
SE module. For apple detection, where targets vary in scale and are often partially oc-
cluded, the SE module’s channel-wise recalibration helps the head focus on the most in-
formative channels. The shortcut connection also stabilizes training when the gradient
flow is weak due to occlusion diversity. Thus, MBConv_Head achieves a favorable trade-
off between efficiency and accuracy specifically tailored to orchard environments.

2.7. Loss Function

Compared to the traditional Intersection over Union loss function [33], the bounding-
box loss function CloU [34] chosen for YOLOv12 significantly improves localization accu-
racy for generic object detection, although it still has some limitations for the apple
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detection task in a low-density orchard environment because it imposes strong constraints
and penalties on geometric parameters such as center distance and aspect ratio, while ap-
ples in images usually appear as near-circular or elliptical and the aspect ratio of their
bounding boxes varies within a small dynamic range. The strict, rigid penalty on aspect
ratio in the loss function yields limited gain for detecting such relatively uniform-shaped
objects and may produce unstable prediction boxes due to the model’s generalization,
while high-precision geometric measurements greatly increase computational cost. In ad-
dition, apple annotation in orchard environments inherently faces difficulties; leaf occlu-
sion, fruit overlap, and illumination variation result in many “low-quality” samples in the
dataset with blurry or hard-to-precisely-bound boxes. The strong-geometry-penalty
mechanism forces the model to minimize overall loss and sacrifice precise localization of
a large number of clear, ordinary samples, preventing optimal resource allocation.

This study selects the dynamic non-monotonic focal loss function WloU v3 [35] for
replacement, introducing a dynamic non-monotonic focusing mechanism to fully exploit
the model’s potential, using “outlier degree” instead of IoU to evaluate anchor quality and
providing a gain-allocation strategy that reduces the competitiveness of high-quality an-
chors while diminishing harmful gradients from low-quality examples. The formula for
WIoU is shown in Equations (8)—(14):

(1) WIoU vl

By constructing a distance-attention mechanism, define:

Lwiouv1 = RwiouLiou, (8)
(x—x t)2+(3’_3’ t)z
Rwioy = exp( (;{qz N ng)* Z . )

where Lyopyr is the WIoU vl function; Ryey is the penalty term; L,y is the overlap
between predicted and ground-truth boxes; x is the x-coordinate of the predicted point;
Xg¢ is the x-coordinate of the ground-truth point; y is the y-coordinate of the predicted
point; yg. is the y-coordinate of the ground-truth point; W, and H, are, respectively, the
width and height of the real anchor box. When the real apple anchor box overlaps well
with the target box, Ry .y € [1,e) will significantly amplify the ordinary-quality anchor
boxes L;,; while the high-quality anchor boxes’ Ly,y € [0,1) will be markedly re-
duced, with Ry;,y making them focus on the distance between center points.

(2) WIoU v2

Learning from the focal loss idea, construct Ly;,y,1 as the monotonic focusing co-
efficient L,,,” to obtain:

Lwiovwz = Liov” * Lwiouvs (v > 0) (10)
The gradient changes as follows with the addition of the focusing coefficient:
ILwiouvz v OLwiouvt
—Wiobve _ —_— 11
oLy fov Loy ()

Introduce L,y and its mean value as a normalization factor to solve the problem of
slower convergence in later stages.

_ LIoU* 4
LWIoUvZ_ —_— LWIole- (12)

IoU

where L,y is the exponential moving average with momentum m, dynamically updat-

N4

ing the normalization factor so that the gradient gain r = (LL"’—U) is kept overall at a
IoU

higher level.

(3) WIoU v3
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Define the degree of anomaly as:
LIOU
p== (13)
LIoU
According to f, construct a non-monotonic focusing coefficient:
B
- 14
" Saks (9

where § is such that when f = 6r =1 is applied to WIoU vl to obtain WloU v3, i.e,,
Lwriouvs = TLioyy1, and when the true apple anchor box outlier satisfies § = C (Cis a con-

stant), the true apple anchor box will receive the highest gradient gain. Because L,y is
dynamic, the anchor box quality-grading standard is also dynamic, enabling WIoU v3 to
make the optimal gradient gain allocation strategy at each moment.

Here, @ and § are hyperparameters (@ = 1.9, § = 3). This coefficient directly mul-
tiplies the gradient during backpropagation. The resulting behavior is:

For high-quality anchors (8 < 1), r is reduced. This prevents the model from over-
focusing on already well-localized boxes, allowing for resources to be allocated elsewhere.

For moderately low-quality anchors (8 € [1,3]), r is moderately increased, providing
a healthy boost to help refine them.

For extremely low-quality anchors (8 > 3), r is suppressed. This reduces the harm-
ful impact of very poor or outlier annotations that would otherwise produce noisy gradi-
ents and destabilize training.

2 t
p(hbg)+a

Letoy = 1= 10U +—— v. (15)

where v measures aspect ratio consistency. While effective for generic objects, this fixed
formulation has two drawbacks for apple detection:

(1) Apple bounding boxes are nearly circular; their aspect ratios vary within a narrow
range. The strict penalty term v adds computational overhead without meaningful
benefit and can even degrade performance when annotations are slightly imprecise.

(2) In orchard datasets, many ground-truth boxes are imperfect due to leaf occlusion,
fruit overlap, or motion blur. CloU forces the model to fit these inaccurate boxes with
equal strength, causing overfitting to annotation noise and distracting from well-la-
beled samples.

WIoU v3 overcomes these limitations by decoupling sample quality assessment from
geometric heuristics. The outlier degree [ is based solely on the IoU loss relative to the
batch average, making it robust to aspect ratio variations and annotation noise. For a heav-
ily occluded apple with a poorly defined bounding box, CloU would apply a large gradi-
ent penalty that may be harmful, whereas WIoU v3 automatically reduces the gradient
gain for such extreme outliers, allowing the model to focus on cleaner samples. Mean-
while, for a clear, typical apple, § is low, and WIoU v3 slightly reduces the gradient to
avoid over-optimization, improving generalization.

As shown in Table 1, replacing CloU with WIoU v3 increased precision from 88.5%
to 91.6% and mAP@0.5 from 88.4% to 95.4% while keeping the parameter count and
FLOPs unchanged. This substantial gain, achieved without any additional computational
cost during inference, confirms that the dynamic focusing mechanism is particularly well-
suited to the irregular sample quality distribution in complex orchard environments.

Table 1. Comparison results of loss functions.

Metrics YOLOv12n (CloU) DIoU GloU WIoU v3
Precision 88.5 86.9 89.8 91.6
mAP@0.5 88.4 90.2 93.8 95.4

Recall 0.854 0.857 0.87 0.873
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The ClIoU loss used in YOLOv12n imposes strong penalties on center distance and
aspect ratio. However, apple bounding boxes are nearly circular, and their aspect ratios
vary within a narrow range, making the rigid geometric penalty largely unnecessary and
even harmful when annotations are imprecise due to occlusion or motion blur. Moreover,
orchard datasets inherently contain “low-quality” samples. WIoU v3 introduces a dy-
namic non-monotonic focusing mechanism that uses an “outlier degree” to evaluate an-
chor quality, reducing the harmful gradients from low-quality examples while allowing
high-quality anchors to contribute more. This property is particularly valuable for apple
detection, where perfect bounding-box annotations are difficult to obtain. The improved
loss leads to more stable training and higher final mAP@0.5 without increasing inference
cost.

3. Results
3.1. Evaluation Metrics

In this study, all comparative models were trained with identical data augmentation
strategies (horizontal rotation, vertical rotation, central cropping, brightness variation,
contrast enhancement, saturation transformation, Gaussian noise, and salt-and-pepper
noise) to ensure a fair comparison. The number of parameters (params), floating-point
operations (FLOPs), and memory consumption are used to evaluate the complexity of the
YOLO-SPM model, and the detection performance of the YOLO-SPM model is evaluated
using precision (P) and mean average precision at IoU = 0.5 (mAP@0.5). The correspond-
ing formulas are as follows.

Params = Cy, * Copye x K * K, (16)
FLOPs =W s H * K * K % Cip, * Coyt, 17)
TP

p= _ 18
TP + FP (18

N¢ .
map = 2i=4P (19)

N,

where C;;, and C,,; are, respectively, the number of input and output image channels;
K is the filter size; W and H are, respectively, the width and height of the input image; TP
is the number of correctly detected apples in the image; FP is the number of incorrectly
detected apple fruits in the image; AP is the average precision, i.e., the area under the PR
curve; and i is the number of target detection categories.

3.2. Experimental Environment and Parameters

All experiments were conducted on a workstation running Ubuntu 20.04 LTS, with
Python 3.10, CUDA 12.1, and PyTorch 2.1.0 as the deep learning framework. The hard-
ware platform comprised an NVIDIA GeForce RTX 4090D GPU (24 GB GDDR6X VRAM)
and an Intel(R) Xeon(R) Platinum 8474C CPU (48 physical cores, 2.1 GHz base frequency)
with 80 GB of system memory. This workstation was used for model training and offline
evaluation rather than as the final deployment target.

The specific training hyperparameters are listed in Table 2.

Table 2. Training parameter settings.

Parameter Value
Image size/px 640 x 640
Batch size 64
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Threads 4
Momentum 0.937
Initial learning rate 0.01
Optimizer SGD
Epochs 300

3.3. Ablation Experiment

An ablation experiment is a method that systematically evaluates the contribution of
each module to the overall system performance by gradually removing or replacing spe-
cific components in the model. In this study, YOLOv12n is used as the baseline model,
and under unchanged conditions, only one improved module is added each time to ana-

lyze the effectiveness of the improvements; the ablation experiment results are shown in
Table 3.

Table 3. Ablation experiment.

Metrics YOLOv12n +PConv +SimAM +MBHead +WIloU v3

Precision 88.5 86.3 91.2 89.2 92.8
mAP@0.5 88.4 87.4 89.2 89.8 93.1
Parameters 2.56 2.01 2.03 1.53 1.53
FLOPs 6.5 54 51 42 42
Memory
Usage/MB 5.5 43 43 3.3 3.2

As can be seen from Table 3, YOLO-SPM introduces the improved A2C2f_PConv as
the backbone and the main feature extraction module in the neck, reducing the parameter
count and computation load to a certain extent, while the accuracy only slightly declines.
Subsequently, the SimAM attention mechanism is introduced to reconstruct the neck, fur-
ther optimizing performance while reducing parameter count, achieving an increase in
detection accuracy. After using MBConv_Head as the detection head, the model complex-
ity is further reduced, although the accuracy declines somewhat, but finally using WloU
v3 as the bounding box loss function enables the model to achieve the best performance,
compensating for the accuracy loss introduced by the lightweight detection head. Com-
pared with the baseline model YOLOv12n, the precision and mAP@0.5 increase by 4.8 and
5.3 percentage points, respectively, and the parameter count and FLOPs are reduced by
40.2% and 35.4%, respectively, indicating that the YOLO-SPM model achieves model
lightweighting while maintaining high detection accuracy.

Although all experiments were conducted on a high-performance workstation, the
proposed model’s parameter count of 1.53 M and FLOPs of 4.2 G are significantly lower
than those of comparable models, indicating strong potential for deployment on edge
platforms. Future work will include on-device latency measurements on NVIDIA Jetson
Orin and Raspberry Pi platforms.

To justify the selection of SiImAM, we compared it with SE, CA, and CBAM under
identical settings. SimAM achieves the highest precision of 91.5%, recall of 88.1%, and
mAP@0.5 of 90.3%, outperforming all other attention mechanisms. Notably, SE even
causes a slight decline in mAP@0.5 compared to the baseline, while CA and CBAM yield
only marginal improvements. More importantly, SimAM delivers this superior perfor-
mance without introducing any additional parameters, whereas the other modules in-
crease model size. This parameter-free property, together with its energy-based three-di-
mensional attention weights that effectively suppress background noise and highlight
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occluded fruit features, makes SimAM particularly suitable for lightweight deployment
in orchard environments.

3.4. Comparative Experiment

To comprehensively evaluate the detection performance of the proposed YOLO-SPM
model in real orchard scenarios, we conducted a comparative experiment against several
representative object detectors, including SSD, Faster-RCNN, DETR, YOLOv5, YOLOVS,
and YOLOV10, as well as two recently proposed lightweight apple detection models,
AAB-YOLO [16] and MSOAR-YOLOv10 [17]. As presented in Table 4, YOLO-SPM
achieves the highest precision of 92.8% and mAP@0.5 of 93.1% among all compared meth-
ods, surpassing the baseline YOLOv12n by 4.8 and 5.3 percentage points, respectively.
Notably, this superior accuracy is attained with only 1.53 x 106 parameters and 4.2 x 10°
FLOPs, which are substantially lower than those of other YOLO-series models and even
more efficient than the concurrent lightweight competitors MSOAR-YOLOV10. In terms
of real-time inference, YOLO-SPM achieves 268.74 FPS, which is competitive with the fast-
est model (YOLOVS at 275.70 FPS) while delivering higher accuracy and consuming less
than half the parameters. These results collectively demonstrate that YOLO-SPM strikes
an excellent balance between detection accuracy, model compactness, and inference effi-
ciency, making it a highly practical solution for apple detection tasks on resource-con-
strained harvesting platforms.

Table 4. Ablation study on attention mechanisms.

Metrics YOLOv12n +SE +CA +CBAM +SimAM
Precision 88.5 89.0 88.5 89.3 91.5
mAP@0.5 88.4 87.5 89.8 90.1 90.3

Recall 0.854 0.875 0.872 0.879 0.881

It should be noted that the DETR model, as a transformer-based detector, typically
requires a significantly longer training schedule to achieve competitive convergence due
to its reliance on bipartite matching and the absence of hand-crafted anchor designs. In
this study, to ensure a fair comparison across all evaluated models, each model was
trained under identical hardware and hyperparameter settings, including fixed 300
epochs without any task-specific tuning for DETR. Under this limited training budget,
DETR failed to fully converge, resulting in lower precision and mAP@0.5 than its potential
optimum. This outcome is consistent with known observations in the literature that DETR
and its variants benefit substantially from extended training or improved training recipes.
Therefore, the relatively poor performance of DETR in Table 5 should be interpreted as a
consequence of training-epoch limitation rather than an inherent weakness of the trans-
former-based paradigm. For applications where longer training is feasible, DETR-like ar-
chitectures may still be considered, but for the current lightweight and rapid-deployment
scenario, YOLO-based models remain a more practical choice.

Table 5. Comparative experiment.

Faster- AAB- MSOAR- YOLO-
Models SSD RCNN DETR YOLOv5 YOLOv8 YOLOv10 YOLO [16] YOLO [17]  SPM
Precision 80.3 86.1 59.9 88.9 89.8 87.2 - - 92.8
mAP@0.5 74.6 88.2 54.3 90.8 92.6 90.6 - - 93.1
Parameters  23.75 28.27 36.74 2.51 3.01 2.71 1.61 9.1 1.53
FLOPs 30.43 37.52 36.81 7.2 8.2 8.4 3.9 29.0 4.2
FPS/s 196.96 120.27 80.31 121.63 275.7 163.88 - - 268.74
Recall 0.711 0.779 0.578 0.824 0.885 0.82 - - 0.894
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F1 0.74 0.88 0.59 0.86 0.87 0.84 - - 0.88
Memory
113.1 147 . . . 41 19. 2
Usage/MB 95 3 5.3 6.3 5.8 3 9.3 3

Despite the above training-related limitation for DETR, the comparison among the
remaining models remains fair and clearly validates the effectiveness of the proposed
YOLO-SPM. To further illustrate its robustness under challenging conditions, representa-
tive detection results and attention heatmaps are presented in Figures 8 and 9 as qualita-
tive visual evidence supporting the quantitative findings.

In the fruit-overlap and uneven-lighting scenes shown in Figure 8 and in the lighting-
change, leaf-occlusion, and scale-variation scenes shown in Figure 9, the YOLO-SPM
model has fewer missed and false detections than the baseline models, demonstrating
good performance in real unstructured orchard scenes.

3.5. Failure Case Analysis

To verify the generalizability and adaptability of the YOLO-SPM algorithm proposed
in this paper, the model’s recognition performance was tested under extreme environ-
ments, as shown in Figure 10, including high exposure, glare, branch and leaf occlusion,
and severe fruit stacking. The results indicate that the YOLO-SPM model can still perform
the recognition task in extreme scenes. Although the performance is not ideal, it is still
better than the original YOLOv12 model.

3.6. Public Dataset Validation

To verify the generalization performance of the YOLO-SPM model proposed in this
paper on different datasets, the public dataset used in this study is an open-access dataset
without a designated name, comprising 1200 apple images acquired under various or-
chard conditions and spanning three maturity stages: immature green, mature green, and
mature red. To assess the generalization capability of YOLO-SPM, the model was directly
evaluated on this dataset in a zero-shot manner (without any fine-tuning), and its perfor-
mance was compared with that of SSD, DETR, YOLOvV5, and YOLOvS8 under identical
experimental settings. The YOLO-SPM model and other YOLO series models as well as
some single-stage models were compared on a public dataset containing immature green
apples, mature green apples, and mature red apples. As shown in Table 6, compared with
other models, YOLO-SPM maintains the smallest parameter count and FLOPs while still
achieving the best precision, recall, and mAP@0.5. The visualization results are shown in
Figure 11. In the scenes with varying fruit colors, leaf occlusion, and uneven lighting
shown in Figure 11, YOLO-SPM has fewer missed and false detections than the other
models, demonstrating good generalization performance in real unstructured orchard
scenes.
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Figure 8. Recognition results under complex environments: (a) heatmap under non-uniform illumi-
nation conditions; (b) recognition results under non-uniform illumination conditions; (c) heatmap
in overlapping fruit scenes; (d) recognition result image in overlapping fruit scenes. The heatmap

colors indicate the attention weight distribution, where warmer colors represent higher attention.
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Figure 9. Recognition result image in multi-scale scenes: (a) heatmap under non-uniform fruit color
scenes; (b) recognition results in scenes with uneven fruit color; (c) heatmap under branch and leaf
occlusion and varying scales; (d) recognition results in scenes with branch and leaf occlusion and
varying scales. The heatmap colors indicate the attention weight distribution, where warmer colors

represent higher attention.
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Figure 10. Failure Analysis Result Diagram. Blue boxes indicate algorithm detection results, red
boxes indicate missed detections, and yellow boxes indicate false detections. (a) Original image; (b)

YOLOvV12n model detection result; (¢) YOLO-SPM algorithm detection result.

Table 6. Comparison experiment results on public dataset.

Models SSD DETR YOLOvV5 YOLOvVS YOLO-SPM
Precision 89.1 53.2 81.4 82.1 91.1
mAP@0.5 85.8 54.0 84.2 83.7 87.2

Parameters 23.75 36.74 2.51 3.01 1.53
FLOPs 30.43 36.81 7.2 8.2 42

Memory

Usage/MB 95 147 5.3 6.3 3.2
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Figure 11. Recognition performance of different models on public datasets. (a,c,e) Heatmaps of the
respective models. (b,d,f) Recognition results. The heatmap colors indicate the attention weight dis-

tribution, where warmer colors represent higher attention.

4. Discussion

The ablation experiment results clearly reveal the contribution of each improvement
module to the overall performance of YOLO-SPM. Replacing the standard convolution in
the A2C2f module with PConv reduces FLOPs by 16.9% and the parameters by 21.5%,
with a modest performance trade-off that is subsequently compensated by the remaining
modules. This indicates that PConv effectively reduces redundant computation and
memory access by exploiting the similarity between feature map channels [27], and the
slight accuracy loss can be compensated for by the subsequent optimization modules. This
phenomenon is consistent with the findings of Chen et al. [23], who reported that standard
convolutions introduce significant computational burden in lightweight network design,
whereas Partial Convolution can substantially alleviate this issue.

The introduction of the SimAM attention mechanism increased precision and
mAP@0.5 to 91.2% and 89.2%, representing improvements of 2.7 and 0.8 percentage points
over the baseline model (88.5% and 88.4%, respectively), while the parameter count was
further reduced to 2.03 x 10¢. This demonstrates that compared with traditional channel
attention and spatial attention mechanisms, SImAM can more accurately capture salient
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features in complex orchard environments—such as the fruit stems, spots, and edge in-
formation of occluded apples —without adding extra parameters. This finding aligns with
the core idea proposed by Yang et al., that three-dimensional attention weights derived
from an energy function can more effectively suppress background noise interference. In
the dwarf-rootstock dense-planting orchard scenario, where branches intersect and leaves
overlap, this parameter-free attention design is particularly important for maintaining
high detection accuracy.

After adopting MBConv_Head as the detection head, the model parameter count and
FLOPs were further reduced to 1.53 x 10¢ and 4.2 x 10°, achieving a lightweight level, but
precision and mAP@0.5 decreased to 89.2% and 89.8%, respectively. This indicates that
while the inverted residual structure and depthwise separable convolution in the
MBConv module effectively reduce computational cost, some feature expression capabil-
ity is lost. This trade-off has also been observed in other lightweight detection studies. For
instance, Yang et al. reported a similar accuracy fluctuation when introducing the ADown
module in AAB-YOLO. However, when WIoU v3 was ultimately introduced as the loss
function, the model’s precision and mAP@0.5 increased significantly to 92.8% and 93.1% —
the optimal values, while maintaining the same compact parameter configuration. This
strongly proves that the dynamic non-monotonic focusing mechanism of WIloU v3 can
effectively balance the learning of high-quality and low-quality samples. In apple detec-
tion tasks, where annotation quality is often degraded by leaf occlusion, fruit overlap, and
illumination variation, the “outlier degree”-based gradient gain allocation strategy pro-
vides stronger generalization capability than the traditional CloU loss function, which re-
lies on rigid geometric penalties.

It should be noted that the most significant single-module improvement originates
from the WIoU v3 loss function (+7.0 percentage points in mAP@0.5 in the independent
test), which is consistent with previous findings that loss function optimization can sub-
stantially impact bounding-box regression quality. However, the architectural modules
contribute primarily to model compactness and inference efficiency: PConv reduces
FLOPs by 16.9%, MBConv_Head reduces parameters by 40.2%, and SimAM maintains
accuracy without additional parameters. Therefore, the novelty of YOLO-SPM lies not in
any single component but in the synergistic integration of lightweight architecture and
dynamic loss function, achieving both high accuracy and efficient deployment—a combi-
nation that no existing apple detection model has simultaneously realized.

The comparative experiment results show that YOLO-SPM achieved the best preci-
sion, 92.8%, and the best mAP@0.5, 93.1%, among all compared models, with the smallest
parameter count of 1.53 x 106, FLOPs: 4.2 x 10° and memory usage of 3.2 MB. Compared
with the two-stage model Faster-RCNN and the anchor-free model DETR, YOLO-SPM
demonstrates overwhelming advantages in both accuracy and lightweight design, having
potential for deployment on edge devices. Compared with other YOLO series models—
such as YOLOv5 with 2.51 x 10¢ parameters and mAP@0.5 of 90.8% and YOLOv8 with 3.01
x 106 parameters and mAP@0.5 of 92.6%—YOLO-SPM achieves higher accuracy with
fewer parameters and computational resources. These results fully validate the effective-
ness of the multi-module collaborative optimization strategy proposed in this study. No-
tably, in fruit overlap and uneven illumination scenarios, YOLO-SPM exhibits signifi-
cantly fewer missed and false detections than the baseline model. This visual evidence
further corroborates the quantitative results—that the combination of the SimAM atten-
tion mechanism and WloU v3 dynamic focusing mechanism enhances the model’s robust-
ness to complex backgrounds. The public dataset validation further confirms YOLO-
SPM'’s generalization ability across apple datasets with different maturity levels and color
characteristics: immature green, mature green, and mature red apples, suggesting that the
model possesses strong cross-dataset adaptability.
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Despite YOLO-SPM’s excellent performance, the failure case analysis reveals some
limitations. Under extreme conditions—such as high exposure, severe glare, dense
branch-and-leaf occlusion, and extensive fruit stacking —the model still exhibits missed
and false detections, although its performance remains superior to the original YOLOv12n.
These extreme scenarios pose challenges common to most vision-based detection systems.
On one hand, extreme illumination can cause the loss of fruit texture features; on the other
hand, severe occlusion reduces the available pixel area of the targets, making it difficult
for even the attention mechanism to extract discriminative features. Future research could
explore the following directions:

(1) Multi-modal or multi-spectral fusion: Integrating RGB images with depth infor-
mation (e.g., from an RGB-D camera) or near-infrared (NIR) channels could help re-
cover fruit contours under extreme illumination, where texture features are partially
lost. This would provide complementary cues for robust detection.

(2) Small-target and heavily occluded fruit detection head: Inspired by multi-scale de-
tection architectures, a dedicated small-object detection head could be added to the
neck network, operating on higher-resolution feature maps to better capture the fine
details of occluded or distant apples. Alternatively, a transformer-based feature en-
hancement module could be explored to model long-range dependencies for oc-
cluded targets.

(3) Edge-computing optimization schemes: Beyond architectural improvements, model
compression techniques such as structured pruning, INT8 quantization, and
knowledge distillation could be explored to further reduce inference latency on re-
source-constrained devices like the Jetson Orin or Raspberry Pi. Achieving real-time
deployment with end-to-end latency below 30 ms per frame represents a promising
direction for enabling practical harvesting robots, though this requires systematic on-
device validation in future work.

(4) Integration with orchard IoT systems: The proposed model can be extended to con-
tinuous monitoring scenarios by connecting it to fixed or mobile camera nodes. Real-
time fruit detection results could be fused with weather, soil, and growth stage data
to enable predictive harvesting scheduling and yield estimation.

5. Conclusions

Aiming at the complex scenario characteristics of densely planted low-stature or-
chards in unstructured environments, such as branch-leaf occlusion and uneven illumi-
nation, as well as the lightweight demand for model deployment, this study proposes a
lightweight and efficient apple detection model, using YOLOv12n as the baseline and in-
tegrating multiple convolutional neural network architectures (including A2C2f_PConv,
SimAM, WIoU v3, and MBConv_Head modules). Among them, a Partial Convolution
module is introduced to reconstruct the original A2C2f module in YOLOv12n, forming
the A2C2f_PConv structure, which reduces redundant computation and memory access
and significantly improves the network’s runtime efficiency; the SimAM attention mech-
anism is integrated into the neck network, greatly enhancing feature extraction capability
in complex orchard environments; the detection head combined with the MBConv mod-
ule achieves higher accuracy while consuming fewer computational resources; the origi-
nal loss function is replaced with the WIoU v3 loss function, whose dynamic aggregation
mechanism adjusts gradient gain according to the magnitude of outliers, balancing the
learning outcomes of high-quality and low-quality samples and substantially improving
the overall model performance. Data augmentation techniques are employed to increase
dataset diversity, thereby optimizing model robustness and generalization. The accuracy
improvements are primarily driven by the WIoU v3 loss function, while the architectural
modules contribute mainly to model compactness and inference efficiency. The value of
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YOLO-SPM lies in the integration of these components to achieve a combined effect—high
accuracy from WIoU v3 combined with high efficiency from the lightweight architec-
ture—which no existing apple detection model has simultaneously achieved.

The experimental results verify the YOLO-SPM model’s capability to achieve accu-
rate and fast apple detection, providing a feasible visual solution for high-precision fruit
identification in complex orchard environments and serving as a potential foundation for
future automated harvesting systems.
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Abbreviations

The following abbreviations are used in this manuscript:

A2C2f Area-Attention Enhanced Cross-Feature module
CloU Complete Intersection over Union

FLOPs Floating-Point Operations

ToU Intersection over Union

MBConv Mobile Inverted Bottleneck Convolution
PConv Partial Convolution

SimAM Simple, Parameter-Free Attention Module

SSD Single-Shot MultiBox Detector

WIoU Wise Intersection over Union

YOLO You Only Look Once

mAP@0.5 Mean Average Precision at IoU threshold of 0.5
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B Outlier degree in WIoU v3 loss function

bt Bias of linear transformation in SimAM

Cin Number of input channels

Cout Number of output channels

e Minimum energy in SimAM

H Height of input image or feature map

K Filter size

L_IoU ToU loss

M Number of neurons on a single channel in SimAM
P Precision

R_IoU Penalty term in WloU vl

R Non-monotonic focusing coefficient in WloU v3

W Width of input image or feature map

Wit Weight of linear transformation in SimAM

Lt Mean of neurons on a channel except target neuron
o¢ Variance of neurons on a channel except target neuron
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