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Weed and rice seedling detection in field based on MAL-YOLOvVS model
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Abstract: Weeds severely reduce rice yield and quality, making reliable in-field detection of weed and rice seedling essential
for automated weed management. Although deep learning-based object detection techniques have shown significant potential in
automatically distinguishing crops from weeds, existing models often suffer from large model sizes, high computational
complexity, and insufficient feature extraction. To address these issues, this study proposes a lightweight multi-angle object
detection model named MAL-YOLOvV5 (Multi-Angle Lightweight YOLOVS), based on the YOLOvV5 (You Only Look Once
version 5) framework, which effectively reduces model complexity while maintaining detection performance. Specifically, the
lightweight MobileNetV3 architecture is adopted to replace the original backbone network, significantly decreasing the number
of parameters without compromising accuracy. Furthermore, the neck network of MAL-YOLOVS is enhanced by integrating
spatial and channel reconstruction convolution (SCConv) and a single-shot feature aggregation module (SCCSP), which
reduces spatial and channel redundancies in the convolutional module, thereby compressing the neck network and improving
feature representation. Additionally, a rotated bounding box with angular information is introduced for annotating and detecting
rice seedling and weed, which effectively mitigates the interference from background and non-target objects, enabling more
precise identification. Experimental results show that the precision, recall, and mAP of the MAL-YOLOvV5 model are 93.1%,
91.9%, and 93.4%, respectively. Compared to YOLOv5s_obb, the MAL-YOLOVS5 model reduces the number of parameters by
80.1% and computational cost in GFLOPs (Giga Floating-Point Operations) by 81.5%, significantly minimizing model size
with only marginal loss in accuracy, conserving computational and storage costs while lowering the hardware requirements for
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intelligent mechanical weeding equipment.
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1 Introduction

The assurance of rice yield and quality is paramount for
national food security, given its role as a staple crop!!. However, its
productivity is severely affected by interspecific competition with
weeds for fundamental resources, such as soil nutrients, growing
space, and water”. Additionally, weeds can provide habitat for
pests, which cause various diseases, seriously affecting the quality
and yield of rice®™. Conventional weed control predominantly relies
on the blanket application of chemical herbicides®. Although
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widely used, this approach is not only labor-intensive but also poses
serious risks, including the emergence of herbicide-resistant weeds,
environmental pollution, and pesticide residues®™. Consequently,
the development of precise targeted weeding strategies is imperative
With the development of
agricultural mechanization and machine vision, the way for
intelligent weeding equipment is paved as a promising solution'.
The core of this technology lies in the accurate identification and
localization of weeds versus crops, enabling machinery to perform

for sustainable rice production.

weeding or targeted spraying, thereby enhancing efficiency and
reducing chemical Moreover, due to the growth
characteristics of rice crops, the critical window for effective
mechanical weeding in rice fields spans from the seedling

usage!l.

transplanting stage until the canopy closure®”. Hence, it is vital to
achieve rapid and accurate detection of weeds in rice fields.

Early research on plant discrimination mainly relied on
machine learning techniques using hand-crafted features, such as
color, texture, and shape. Methods including random forests!"”, bag
of visual words with HOG features'", artificial neural networks!?,
and support vector machines!"” have achieved high accuracy (often
>95%) under controlled or specific conditions. However, these
methods are often limited by their dependence on manual feature
engineering, meticulous image preprocessing, and they often lack
robustness and generalization in complex real-field environments.

The advent of deep learning has revolutionized the field,
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offering superior feature extraction capabilities and adaptability.
Naik et al."¥ employed a region-based convolutional neural network
(R-CNN) to classify sesame and weeds, which achieved a detection
accuracy of 96.84% and a weed classification accuracy of 97.79%.
Dagkin et al.™ developed an ensemble model based on transfer
learning for maize and weed detection, yielding better performance
than individual VGG16 and InceptionV3 models. Jiang et al.'”
developed a GCN-ResNet-101 method that builds graphs from
CNN features and Euclidean distances, leveraging both labeled and
unlabeled data. The method achieved accuracies of 97.80%,
99.37%, 98.93%, and 96.51% on four weed datasets. Li et al.l'’)
introduced the YOLOv7-FWeed model for weed detection based on
an improved YOLOv7, which enhances recognition accuracy by
incorporating the F-ReLU (Funnel Rectified Linear Unit) activation
function and a maxPool multi-head self-attention (M-MHSA)
module. More recently, object detection frameworks like the YOLO
series have been favored for their speed and efficiency. Subsequent
improvements, including the integration of attention mechanisms!*
and advanced feature fusion strategies!”, have further improved the
detection performance. Despite these advances, many high-
performance models remain computationally heavy, with large
parameter sizes and high computational demands (FLOPs), making
them unsuitable for lightweight embedded systems, particularly on
resource-constrained  intelligent machinery. Moreover, the
horizontal rectangular bounding box is employed to determine
object positions and categories. However, the rice seedling and
weed in images exhibit overlapping or intersecting regions. Using
horizontal bounding boxes often leads to significant inclusion of
background pixels and severe box overlaps when objects are close,
impairing accurate localization.

To address the aforementioned issues, this study presents a

lightweight multi-angle detection model MAL-YOLOVS for rice
seedling and weed detection. The backbone network of YOLOV5
is replaced with MobileNetV3 to achieve a lightweight design.
Additionally, a Slim-neck structure is constructed by integrating
SCConv and SCCSP modules, which reduces feature redundancy
and further decreases the number of parameters. Furthermore, it
introduces rotated bounding boxes for precise localization, where
the primary stem direction of the rice seedling or weed serves as
the reference and the rotation angle 6 is defined as the angle
between the bounding box’s long edge aligned with the plant’s
primary stem and the positive x-axis. This approach can effectively
mitigate background interference and resolve the localization
ambiguities common with horizontal bounding boxes in dense plant
scenarios.

2 Materials and methods

2.1 Construction of rice seedling and weed datasets
2.1.1 Image acquisition

In this study, the rice seedling and weed images were collected
at the Quanjiao Experimental Base of Anhui Academy of
Agricultural Sciences in June 2022, and the Agricultural Garden of
Anhui Agricultural University in April 2023. Using a Canon EOS
850D camera, 2034 images were obtained under diverse lighting
and viewing angles. A rigorous quality check led to the exclusion of
74 images that were blurred due to motion or defocus, resulting in a
final curated set of 1960 images. Given that the native resolution of
3456%2304 pixels is computationally prohibitive and exceeds the
input size of typical detection models, all images were cropped and
resized to 512x512 pixels to optimize GPU memory usage and
processing speed. Figure 1 illustrates a subset of the collected
images.

Figure 1

2.1.2 Image annotation

The software roLabellmg was used to annotate the images,
where each rice seedling and weed was demarcated with a rotated
rectangular bounding box. As illustrated in Figure 2, this annotation
format provides a more precise spatial enclosure for slender plant
targets compared to horizontal bounding boxes, effectively
overlap and reducing background
interference. The annotated images were used to train the model
with the training datasets and calculate the performance with the
test datasets. The data samples included RGB images and annotated
images were divided into the training datasets, the validation

minimizing inter-leaf

datasets, and the test datasets in a ratio of 7:2:1, respectively.

Partial images of rice seedling and weed in the field

2.2 Rice seedling and weed detection model

To effectively reduce model size and computational complexity
while maintaining high detection performance, this study uses
YOLOvV5™ as the basic framework and proposes a lightweight
YOLOV5 model for rice seedling and weed detection. The original
backbone network is replaced with MobilenetV3, which integrates
residual structures, linear bottlenecks, adjustable network widths,
global average pooling, depth-wise separable convolutions, and the
Squeeze-and-Excitation (SE) attention mechanism, to construct a
more lightweight backbone network while maintaining detection
precision. Furthermore, in the neck network, the standard
convolutional modules are substituted with spatial and channel
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reconstruction convolution (SCConv), and the CSPX 2 (Cross
Stage Partial 2 with X Bottleneck Blocks) modules are replaced
with a single-shot feature aggregation module (SCCSP). These
modifications collectively streamline the network, reducing spatial
and channel redundancies while preserving representational
capacity. The overall architecture of the proposed model is depicted
in Figure 3.
2.2.1 The lightweight backbone network

The YOLOVS architecture utilizes a backbone network
composed of CBS (Convolution BatchNorm SiLU) and CSP (Cross
Stage Partial) modules to efficiently extract salient features from
input images®. Nevertheless, this architecture introduces a
considerable number of model parameters, leading to high
computational overhead and posing challenges for deployment on
embedded systems or devices with limited computational resources.
Given the necessity for real-time performance in rice seedling and
weed detection, the adoption of a lightweight backbone network can
enhance the model’s inference speed, enabling prompt responses
and object detection in real-time scenarios. MobileNetV3, as the
latest iteration of the MobileNet series, represents a lightweight
convolutional neural network architecture characterized by its
compact parameter size, high accuracy, and efficient inference
capabilities®™. While both the Large and Small versions of
MobileNetV3 share a similar structural blueprint, the Large variant
incorporates more Bneck (Bottleneck) modules, which increases

model capacity and accuracy at the cost of higher computational
load and slower inference™!. Therefore, to better balance detection
performance with operational efficiency, this study adopts
MobileNetV3-Small as the backbone network for the proposed
MAL-YOLOvV5 model.

Figure 2 Comparison of the visual effects of horizontal bounding

boxes and oriented bounding boxes
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Figure 3 The overall architecture of the MAL-YOLOvVS model

In the MobileNetV3, the core structure is Bneck module,
depicted in Figure 4, which employs an inverted residual structure
with a linear bottleneck. As shown in Figure 4, the feature map
dimension is firstly enhanced by a 1x1 convolutional layer. A depth-
wise separable convolution is then executed on the feature map,
followed by a reduced-dimensional 1x1 convolution. The SE
attention module is integrated between these two convolution layers
to enhance feature representation. A residual shortcut connection is
also incorporated to facilitate cross-layer feature propagation. The
key to the lightweight design of the Bneck module lies in the use of
depth-wise separable convolution!, which consists of depthwise
convolution and pointwise convolution. The depthwise convolution

applies a separate small convolutional kernel to each input channel,
extracting spatial features independently per channel without inter-
channel communication. This focuses solely on the spatial
information in the input feature map, without exchanging
information between channels, which maintains effective feature
reducing computational complexity. The
subsequent pointwise convolution, implemented via a 1x1 kernel,

extraction while

performs a linear combination of the output feature maps from the
depthwise convolution. This step enables cross-channel information
fusion while allowing flexible adjustment of the output dimension,
further minimizing model parameters. To illustrate the parameter
efficiency, an input feature map of size 5x5 with 3 channels is
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considered. As shown in Figure 5a, a standard convolutional layer
producing four 3x3 output feature maps would require 4x3x3x3 =
108 parameters. In contrast, as depicted in Figure 5b, the depthwise
separable convolution achieves the same output using only 3x3
depth-wise convolution followed by 1x1 point-wise convolution.
The number of parameters for the depth-wise separable convolution
is only 3x3x3 + 1x1x3x4 = 39, resulting in a parameter reduction
of over 60%.
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Figure 4 Bneck block structure

As mentioned above, while the separable
convolution reduces the number of parameters and computational

depthwise

complexity compared to the standard convolution, it separates the
channel information of the input feature map without considering

the correlation mapping between the channel information. Since
different channels in a feature map typically encode distinct types of
feature information, this independence can lead to suboptimal
feature representation. Therefore, the SE lightweight channel
attention mechanism™ is placed after the depthwise separable
convolution layer of the Bneck module to dynamically adjust the
weight of each channel, effectively modeling relationships across
feature channels. As illustrated in Figure 6, the SE module operates
through squeeze, excitation, and scale steps. The squeeze operation
applies global average pooling to each channel, compressing the
two-dimensional feature maps into a compact channel-wise
descriptor vector of length C, which captures the global contextual
information per channel. The excitation operation process then
learns a set of adaptive weights for these channels. It is
implemented by 1x1 convolution layer, ReLU layer, 1x1
convolution layer, and Sigmoid activations layer in order. The
learned weight coefficients are then used to reweight each channel
of the input feature map and multiply with the input feature map in
the scale step. The introduction of the SE module captures the
dependencies between different channels to enhance feature
representation, improving the model’s attention to the target while
suppressing the weight of irrelevant information such as noise, thus
effectively improving the model accuracy.

To achieve a lightweight backbone network, we replace the
original Conv and C3 modules in YOLOvVS5 with the Bneck structure
from MobileNetV3-Small. The detailed configuration is provided in
Table 1. Exp_size denotes the number of output channels after the
first 1x1 convolution layer in the Bneck module, which performs
dimensionality expansion. Output indicates the number of output
channels following the last 1x1 convolution layer within the Bneck.
SE signifies whether the channel attention mechanism is employed.
NL represents the type of activation function, which includes HS (H-
Swish) and RE (ReLU). Stride indicates the stride value.
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ﬁ an  |REEESEE
Depthwise
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Figure 5 Standard convolution and depthwise separable convolution
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I
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Figure 6 The structure of SE module

2.2.2  Improvement of neck network

In the original YOLOVS architecture, the neck network
employs a substantial number of standard convolutional operations,
which does not involve feature redundancy reduction. When feature

maps contain significant redundant information, this redundancy
contributes to unnecessary computational load during convolution
calculations, slowing down inference speed. Furthermore, redundant
information can obscure crucial feature details, hindering the model’s
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ability to accurately extract key features and ultimately impacting

Table 1 Backbone network convolutional layer structure

recognition accuracy. Therefore, this study introduces the spatial Input Operator Exp size  Output SE  NL  Stride
and channel reconstruction convolution (SCConv)? into the neck 640°x3 Conv2d - 16 - HS 2
network, aiming to reduce both spatial and channel redundancies in 320°x16  Bneck, 3x3 16 16 - RE 2
convolutional features, thereby compressing the model and 160°x16  Bneck, 3%3 72 24 v RE 2
enhancing feature representation. The SCConv module consists of 80°x24  Bneck, 3x3 88 24 - RE 1
two units: the spatial reconstruction unit (SRU) and the channel 80°x24  Bneck, 5x5 96 40 v HS 2
reconstruction unit (CRU), where the SRU employs a separate- 40°x40  Bneck, 5%5 240 40 v HS 1
reconstruct strategy to minimize spatial redundancy, while the CRU 40x40  Bneck, 5x5 240 40 v HS 1
utilizes a split-transform-merge approach to reduce channel 40x40  Bneck, 5x5 120 48 v HS 1
redundancy. The architecture of SCConv module is presented in 4048 Bneck, 5x5 144 43 vooHS 1
Figure 7, which shows that the input feature is spatially refined 4048 Bneck, 5x5 288 96 voHS 2
through the SRU operation, followed by channel refinement with 2096 Bneck, 5x5 576 96 voooHs 1
the CRU operation 20°x96  Bneck, 55 576 96 v HS 1
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Figure 7 Spatial and channel reconstruction convolution

The structure of SRU is illustrated in Figure 8. The separation
operation first employs the scaling factors from group normalization
(GN) layer to evaluate the information content in different feature
maps. Through a gating mechanism, the input features are
subsequently partitioned into information-rich feature maps and
information-poor feature maps. Then, the reconstruction operation
follows, implementing a cross-reconstruction procedure that
strategically reintegrates these separated feature maps. This
integration enhances information flow between the two groups
while optimizing spatial efficiency and ultimately producing
features with enriched representational capacity. The mathematical
formulations for both the separation and reconstruction operations
of the SRU are detailed in Equation (1) and Equation (2),
respectively.

X—u
Xou=GNX) =y Vi te
W, =)= L, iv j=1.2,...,C

+B

' g ©)
>
j=1
W = Gate(S igmoid(W,(GN(X))))

X =W, ®X

Xy =W,9X

X=Xy X @)

X2 = X4 @ XY

X° = X' UX*

where, 1 and o represent the mean and standard deviation of X,
respectively, while y and f are trainable variables (affine
transformations); X,,, is the standardized input feature X; W, is the
normalized correlation weight; W is the weight values of feature
maps reweighted by W, mapped to the range (0, 1) by the sigmoid

function and gated by a threshold; X“* is a small constant used for
numerical stability. A larger o indicates greater variations among
pixels, signifying richer spatial information; W, is the weight with
rice information; and W, is the weight with poor information; X*!
and X“? are two weighted features of distinct information profiles;
Xy and Xy are the informative weighted feature and less
informative weighted feature; X is the resulting spatial refinement
feature map; ® represents element-wise multiplication; @ denotes
element-wise summation, and U signifies concatenation.

Following spatial refinement by the SRU, CRU is used for
channel redundancy reduction. The CRU architecture, depicted in
Figure 9, operates through three sequential stages: split, transform,
and fuse. In the split stage, the input features X“ are partitioned
along the channel dimension into two segments with channel counts
of axC and (1-a)xC respectively, where « is a hyper-parameter, and
0<a <1 represents a given condition or constraint. The feature
map’s channels are then compressed by using 1x1 convolution,
resulting in X,, and X,,, respectively. Subsequently, the transform
operation utilizes global weighted convolution and point-wise
weight convolution to extract features of X,, and X,,, and uses
element-wise addition and concatenation to generate two sets of
feature maps with different information richness, namely Y, and Y,.
The fusion stage employs global average pooling to capture spatial
context from both Y, and VY,, followed by channel-wise
concatenation to produce the final channel-refined output feature Y.
The mathematical formulation of CRU is defined in Equations

(3)-(7N).
Y, = M°X,, + M"X,, (3)

Y,=M & Xiow U Xiow (4)

H w
. 1 .. _
S, = Pooling(Y,) = W E E Y.(i,j), m=1,2 &)

=1 j=1
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esl esZ
Bi= ol re?’ B. = PERRpTL Bi+p =1 (6)
Y=BY,+B.Y, (7

where, M®, M", and M" are learnable weight matrices in
convolution operations, and S8, and B, are feature importance
vectors. S, is the channel-wise global feature vector obtained by
applying global average pooling (GAP) to the transformed feature
Y,, in the Channel Reconstruction Unit (CRU) module.

The original CSP2 X module in YOLOvV5 employs the cross
stage partial network (CSPNet) architecture””, where partial
features bypass convolutional layers to retain original information
while the remaining features undergo deeper transformation through
multiple convolutional blocks. Both paths are then fused via
concatenation, followed by batch normalization and ReLU
activation. However, the CSP2_X module still exhibits considerable
high computational overhead in practical applications, especially
when dealing with high-resolution images or in deep network
configurations. Moreover, its multiple convolutional layers and

Y | Channel-refined feature | ¢C Upper branch input channels (1-«)C Lower branch input channels GWC | Group convolution  PWC| Pointwise convolution

X,, Upper branch compressed feature Xi, Lower branch compressed feature ¥, Upper branch transformed feature ¥, Lower branch transformed feature

S, Global feature vector of ¥, 5> Global feature vector of ¥, B Adaptive fusion weight of ¥, 3, Adaptive fusion weight of ¥,

complicates training and increases overfitting risks. This design
preserves multi-scale features with varying receptive fields while
reducing aggregation frequency, enabling effective multi-scale
visual information capture with maintained accuracy and reduced
complexity.

To address these limitations, leveraging the feature aggregation
approach based on SCConv", incorporate a one-shot
aggregation strategy to construct the single-shot feature aggregation
module (SCCSP). The SCCSP module is applied to replace the
CSP2_X module in the neck network. As illustrated in Figure 10,
the SCCSP processes a single feature stream by splitting it into two
branches: a main branch containing sequential convolutional layers
and a residual branch that preserves the original features through an
identity connection. The outputs of both branches are integrated via
element-wise summation. This architecture reduces parameter
redundancy and computational cost while maintaining feature

we

integrity, enabling effective fusion of multi-scale features with
varying receptive fields. Consequently, this design enables effective
multi-scale visual information capture with maintained accuracy

residual connections introduce parameter redundancy that and reduced complexity.
/’ _______________________________________________________________________________________________________ N
! Spatial reconstruction unit |
xo I
I | |
i VY l
! |
! I
! |
: y :
I
SRU | ==m !
| - y /4 |
I
I il I
i Input E feature X' !
i feature X i ¥ Y . |
! w“ v w
| Xg} 21 22 <+> X :
| Separate ! Reconstruct !
: @ Spatial-refined feature @ Group normalization scale factor @ Weight matrix for Information-Poor features |
I c |
| @Group normalization @ o=y, Z Vi @ Sigmoid @ Threshold @ Multiplication @ Summation © Concatenation j
N~ = p
Figure 8 Spatial reconstruction unit (SRU)
ff ________________________________________________________________________________________________ \|
i Channel reconstruction unit :
: ! ! ’
i ! — Gwc ! :
| i | i
1x1 1 .
! X, > |
i aC Cov] ’ 1 S ¢ Pooling : !
! : i
: I L pwe [ [T NI |
: CRU == ! ! —>  SoftMax |
, [ [ |
. (1-a)C - . !
: . 1x1 : ! 5 T Pooling ﬂz, Channel-refined 1
! Spatial-refined Conv X, ! feature Y i
! feature X 1 | 1
: L Pwe i i
1 . . Y, : 1
! Split ! Transform | Fuse I
i i
| i
| 1
I i
! |
| i
! |
i I
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2.2.3 Adding angle prediction

The rice seedling and weed in images exhibit overlapping and
intersecting regions. To minimize the spatial discrepancy between
bounding boxes and actual plant morphology while reducing
interference from background elements, this study introduces
rotated bounding boxes for object detection, and an angle prediction
is added into the model. Common representation methods for

rotated bounding boxes include the OpenCV five-parameter format,
long-edge representation, and eight-parameter representation.
Among them, the long-edge representation requires fewer
parameters, making it more computationally efficient for rotated
bounding box regression. As illustrated in Figure 11, the long-edge
representation method defines rotated bounding boxes using five
parameters (x,y,w,h,6), where (x,y) denotes the center coordinates
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of the rotated bounding box, and w and & represent the short and
long sides of the rectangle, respectively. The angle 6 is defined as
the inclination between the long side of the bounding box and the x-
axis, with a positive value assigned to clockwise rotation within the
range of [-90°, 90°). However, as shown in Figure 11, the angular
boundary values of —90° and 90° differ by 180° numerically,
despite representing the same physical orientation. This results in a
periodic discontinuity in the angular parameter, which leads to non-
differentiability in the loss function during model training and
consequently compromises learning stability. To resolve this
boundary discontinuity issue, the circular smooth label (CSL)* is
introduced in this study, as shown in Figure 12. CSL provides an
effective solution for rotated object detection by transforming angle
regression into a classification task with smooth label encoding,
thereby resolving boundary discontinuity and periodicity issues in
angle prediction. As shown in Figure 12, CSL treats the target angle
as a categorical label, and the number of angle categories depends
on the range of the angle. Given the angle range defined as [-90°,
90°), if each degree corresponds to an angle category, the network
model will have 180 angle categories. Alternatively, if each 2
degrees corresponds to an angle category, there will be 90 angle
categories. If the angular interval is set as 7, the precision error
introduced by the classification interval for angle classification can
be expressed as shown in Equations (8) and (9).

Max;,,, = % (8)
3 1
Ezmzjx-P(x):L2x~ = dezg 9)
5-

where, Max,,, represents the maximum precision error; E,,,
denotes the desired precision error, x signifies the angular loss; and
P(x) refers to the probability density function. Assuming a uniform
distribution x, if the angular interval 7 is set to 1, the maximum
precision errors would be 0.5 and 0.25, respectively, which can be
considered negligible. This approach can effectively resolve the
issue of abrupt angular jumps caused by the continuity at angle
boundaries. The expression for CSL is given by Equation (10).

c/2
¢ CBL —( CBL
CSP2_X| = 2%X BN CBL
c/2
2*¥X  2xX consecutive CBL
77777777 modules
c/2
Conv — SCConv SCConv
_—C N
SCCSP =
. Conv
o onv

Figure 10  Structures of CSP2_X and SCCSP
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Figure 12 Circular smooth label

CSI < {g(x), O—r<x<6+r (10)

0, otherwise

where, g(x) represents the window function, and the window radius
is controlled by r.

To achieve angle prediction and rotated box representation, the
angular classification loss is added to the original YOLOVS5 loss
function, which is calculated as follows:

LOSS = 4110.( X Lbz)x + 40[3 X Lcls + {abj X Labj + {zmg X Lzmg (1 l)

where, Ly, Lus, Loyjs Laye are bounding box loss, classification loss,
confidence loss, and angle classification loss, respectively; {yo.,&us »
Lovj»lang correspond to different loss weights, used to quantify the
degree of overlap between predicted and ground truth bounding
boxes in object detection. The L,,, loss is calculated based on CloU
Loss, as shown in Equation (12).

2 o
L,,M:l—IoU+%+ﬂv (12)

where, [oU represents the intersection ratio between predicted and
ground truth bounding boxes in object detection; ¢ represents the
shortest diagonal length of the smallest bounding box covering a
predicted box and a ground truth box; b and b* denote the center
points of the predicted and ground truth bounding boxes,
respectively; p is the Euclidean distance between b and b*'; ¢ and v
are used to measure the discrepancy of the width-to-height ratio of a
predicted box and a ground truth box, which are calculated as
follows:

v

9= (I—ToU)+v (13)
4 (arctan we —arctan Y)z (14)
e h h

where, w® and h* represent the width and height of the ground truth
bounding box, respectively, while w and & represent the width and
height of the predicted bounding box, respectively. In addition, L,
and L,; are computed using the binary cross-entropy loss function,
as shown in Equation (15).

N
Losaon == Y _ 3 I@)+(A=y)In(l-y)  (15)

n=1
where, N represents the total number of sample classes; y; stands
for the probability of the identified class after being processed by an
activation function; and y; is the ground truth value for the current
class. The angle classification loss L,, is calculated based on the
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binary cross-entropy loss function, as shown in Equation (16).

Ly, = mean{l,,... Ly}
L, = sum {Ln,o,Ln,l ce. aLn,l79} (16)
yi =CS L(x)

where n represents the number of samples; i stands for the angle

Input Heat-maps of rice seedlings

a. YOLOvS5s_obb

Heat-maps of weeds

category, and i €[0°, 180°); y; is the true label value for the i-th
angle category. The predicted label y; and the true label y; are then
input into a binary cross-entropy loss function, which is computed
separately for each sample to obtain /,;. These individual losses are
summed to get /,, which represents the total angle loss across all
samples. Finally, the average of these losses is taken over the N
samples to derive the average angle classification loss.

Heat-maps of rice seedlings Heat-maps of weeds

=3

b. YOLOVS5s

Figure 13 Comparisons of rotated box and horizontal box heatmaps

3 Experiments and analysis

3.1 Experimental setup and evaluation metrics

The experiments were conducted on a workstation equipped
with an NVIDIA GeForce RTX 4080 GPU (32 GB VRAM), an
Intel Core 17-11700K CPU, and the Windows 11 operating system.
The software environment included CUDA 12.1, Python 3.8, and
PyTorch 1.13.0 framework. During training, we used a batch size of
8 and trained all models for 200 epochs. To comprehensively
evaluate model performance, we assessed both computational
efficiency and detection accuracy using the following metrics:
number of parameters, floating-point operations (FLOPs), precision
(P), recall (R), and mean average precision (mAP).
3.2 Visualization of rotated bounding box and horizontal
bounding box detection

To visually compare the effectiveness of rotated and horizontal
bounding boxes in detecting seedling and weed, we employed Grad-
CAMP" to generate heatmaps for both detection models based on
the YOLOvSs framework, as shown in Figure 13. In these
heatmaps, regions highlighted in dark red indicate high model
attention, while light blue areas represent lower relevance. From the
figure, it can be seen that when the YOLOvV5 model with horizontal
bounding box is used for weed detection, the background regions
between adjacent heat peaks exhibit higher heat intensity. This
observation indicates that the weed features learned by the network
are not sufficiently concentrated, resulting in a less distinct
separation between the background and the weeds. In contrast,
when using the YOLOvS model with rotated bounding box (named
as YOLOvS5s_obb) for detection, the brightness of the surrounding

background is lower. By aligning more precisely with target
morphology and orientation, the rotated bounding boxes reduce
background interference and help the model concentrate attention
on the actual targets, resulting in more focused and discriminative
feature activation patterns.
3.3 Comparison of different lightweight backbone networks
To evaluate whether MobileNetV3 achieves an optimal balance
between lightweight design and detection performance, comparative
experiments were conducted using three alternative lightweight
networks, including ShuffleNetV2, GhostNet, and PP-LCNet, to
replace the backbone network of YOLOvS5. Table 2 lists the
performance of the model using different backbone networks on the
self-constructed dataset, where P represents the average recognition
precision for seedling and weed, R denotes the average recall rate
for seedling and weed, Parameter signifies the number of neural
network parameters, GFLOPs indicates the computational
complexity, and FPS is the number of frames per second, reflecting
the detection speed of the compared model. In terms of precision
and recall, the original YOLOv5 model demonstrates superior
performance than the other four models. It also exhibited the largest
parameter count and computational complexity. Replacing the
backbone with ShuffleNetV2 resulted in the most lightweight
model, reducing parameters and GFLOPs by 85.47% and 84.97%,
respectively, compared to the original YOLOv5. However, this
came at the cost of a significant decline in detection accuracy,
which is undesirable for precision agriculture applications requiring
reliable recognition. In contrast, models using MobileNetV3,
GhostNet, and PP-LCNet as backbones maintained competitive
accuracy with only marginal decreases compared to the original
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YOLOVS. Although, the backbone model with MobileNetV3
showed a slight reduction in mAP of 0.5% and 0.4% lower than
GhostNet and PP-LCNet, respectively, it required only one-third of
the parameters of the GhostNet-based model and significantly fewer
than the PP-LCNet version. Moreover, the MobileNetV3 backbone
achieved the fastest inference speed among all lightweight variants.
These results demonstrate that the MobileNetV3-enhanced
YOLOVS5 attains the most favorable trade-off between model
performance and complexity, with only a limited compromise in
detection accuracy.

Table 2 Comparison of performance metrics for different
lightweight backbone models

Backbone Pl% RI% mAP TAAMCr Gpropg pps
YOLOVS 048 926 952 7.0 173 39.84
YOLOVS+ShuffleNetV2 88.0 864 89.6  1.09 26 15431
YOLOVS+GhostNet 922 893 904 499 86 9564
YOLOVS+PP-LCNet  92.1 907 92.6 385 63 112.20
YOLOVS+MobileNetV3 91.7 88.9 923  1.60 34 12890

3.4 Performance comparison of different detection models

To validate the performance of the proposed model for rice
seedling and weed detection, we compared it to the Faster R-CNN,
YOLOvVS5s, YOLOvV7, YOLOVS, and YOLOvVS5s obb. The results
are listed in Table 3. As shown in Table 3, Faster R-CNN, as a two-
stage detector, showed the lowest detection efficiency. The
proposed MAL-YOLOvVS achieved remarkable lightweight
characteristics while maintaining competitive accuracy. Compared
to YOLOv5s obb, the MAL-YOLOVS reduced the number of
parameters by 80.1% and the GFLOPs by 81.5%. Furthermore, the
MAL-YOLOvV5 achieved a 238%
YOLOvV5s_obb, reflecting significantly accelerated detection
capability. This enhanced efficiency enables more effective
utilization of computational resources and facilitates practical
deployment on computationally constrained embedded platforms.
Compared to YOLOvV7 and YOLOVS, although YOLOVS achieved
a relatively high detection speed (55.69 FPS), its computational cost
(28.2 GFLOPs) remains 8.8 times higher than ours, and YOLOv7
achieved high detection rates but suffered from excessive
parameters (36.65 M). These results confirm that MAL-YOLOVS
exhibits superior cost-effectiveness, achieving an optimal balance
between detection performance and computational efficiency for
agricultural vision tasks.

increase in FPS over

Table3 Comparison of performance metrics among
different models

Parameter/

Model P/% RI% mAP/% GFLOPs FPS
YOLOVS5s 933 89.1 93.5 7.02 15.8 46.67
Faster R-CNN  91.8  90.2 91.2 13.70 37.0 17.20
YOLOvV7 93.7 919 92.5 36.65 104.1 28.31
YOLOvV8 942 924 92.7 11.06 282 55.69
YOLOvS5s_obb  94.8  92.6 95.2 7.50 17.3 39.84
MAL-YOLOv5 93.1 919 93.4 1.49 32 134.78

Figure 14 presents a comparative visualization of detection
results between the proposed MAL-YOLOvVS5 and baseline models
on the test set. As shown in Figure 14b, MAL-YOLOVS5 accurately
identifies weeds that are misclassified as rice seedlings by
YOLOv7, and Faster R-CNN, demonstrating superior
discriminative capability in distinguishing similar morphological
features. Figure 14a further reveals that our model achieves more

accurate rice seedling detection compared to YOLOv8. YOLOvSs
produces imprecise localizations with excessive background
inclusion and overlapping bounding boxes, as visible in Figure 14,
which illustrates missed detections when seedlings and weeds are in
close proximity, indicating that horizontal bounding boxes struggle
with accurate target representation in dense arrangements. Most
notably, Figurel4b shows misclassification where weeds are
incorrectly identified as seedlings, suggesting that overlapping
bounding boxes introduce feature contamination that impedes
effective feature learning. In contrast, MAL-YOLOvVS with rotated
bounding boxes effectively mitigates these issues. The angular
annotations better accommodate plant morphology, reduce inter-leaf
overlap, and minimize background interference, resulting in more
precise localization and classification.

YOLOVSs-obb £

YOLOv7

YOLOvV8

Faster R-CNN

MAL-YOLOvV5

“ . weea079

a. Quanjiao county base b. Agricull ardn
Figure 14 Comparison results of rice seeding and weed detection

using different models
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3.5 Ablation experiment results

To validate the effectiveness of each module in constructing a
lightweight network model, we conducted comprehensive ablation
tests with six different model configurations on the rice seedling
datasets. The experimental results are presented in Table 4, where
“\" indicates model adoption, and “-” indicates its omission. As
shown in Table 4, when MobileNetV3 alone was adopted as the
backbone network, a significant reduction in model size was
achieved, with parameters decreasing from 7.50 M to 1.60 M and
GFLOPs dropping from 17.3 to 3.4. This configuration also
substantially improved inference speed, raising FPS from 39.84 to
128.90. However, these efficiency gains came at the cost of reduced
precision and recall, illustrating the characteristic trade-off between
model complexity and detection accuracy in lightweight design. The
incorporation of SCConv alone in the neck network improved
precision and recall by 1.1% and 1.6%, respectively, while
simultaneously reducing both parameters and computational
requirements. This confirms SCConv’s effectiveness in minimizing
spatial and channel redundancies, thereby enhancing feature
learning efficiency. When exclusively employing the SCCSP
module, the model maintained comparable accuracy to the baseline
while reducing parameters by 0.09 M and GFLOPs by 0.3. The
combination of SCConv and SCCSP into a Slim-neck structure
yielded comprehensive improvements, demonstrating synergistic
effects in redundancy reduction and performance enhancement.
Most notably, the integration of MobileNetV3 backbone with the
Slim-neck structure achieved the optimal balance between
efficiency and accuracy. This configuration reduced model
parameters by 80.1% and GFLOPs by 81.5% compared to the
original YOLOVS5, while the obtained network model exhibited a
1.7% decrease in precision and a 0.7% decrease in recall. This
significant reduction in the network model size, achieved with
minimal loss in accuracy, demonstrates the effectiveness of the
lightweight approach in optimizing computational and storage
resources.

Table 4 The results of ablation experiments

Model MobileNetV3 SCConv SCCSP P/% R/%

Paraﬁete‘/ GFLOPs FPS

948 926  7.50 17.3  39.84

y - - 917889 1.60 34 128.90
R - 959942 748 172 40.16
YOLOVS
- - N 947928 741 17.0  42.04
- R N 956944 737 169 42.42
v v vo93.1919  1.49 32 13478

4 Conclusions

This study presents MAL-YOLOVS, a multi-angle lightweight
object identification model for rice seedling and weed detection in
field environments. To address the computational challenges
inherent in deep learning applications, MobileNetV3 serves as the
lightweight backbone, incorporating inverted residual structures,
linear bottlenecks, depthwise separable convolutions, and SE
attention mechanisms to enable efficient feature extraction under
resource constraints. In addition, the combination of SCConv and
SCCSP lightweight neck network is constructed, which can reduce
spatial and channel redundancies among features in convolutional
neural networks, further compressing the network model size and
enhancing network performance. Furthermore, rotating bounding
boxes are adopted for annotating seedlings and weeds, providing

precise morphological alignment with plant targets, thereby
minimizing background interference and improving feature
learning. Comprehensive evaluations demonstrate that MAL-
YOLOV5 achieves exceptional cost-effectiveness compared to
mainstream object detection models, such as YOLOvSs, YOLOv7,
YOLOv8, and Faster R-CNN, significantly reducing network
parameters and computational requirements with minimal loss in
accuracy. Future work will focus on hardware-aware optimization
for embedded platforms and extending the approach to additional
crop-weed systems, facilitating practical implementation in
intelligent agricultural machinery.
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