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Abstract

Cannabis is a strictly regulated plant in China, and its illegal cultivation presents signifi-
cant challenges for social governance. Traditional manual patrol methods suffer from low
coverage efficiency, while satellite imagery struggles to identify illicit plantations due to
its limited spatial resolution, particularly for sparsely distributed and concealed cultiva-
tion. UAV remote sensing technology, with its high resolution and mobility, provides a
promising solution for cannabis monitoring. However, existing detection methods still face
challenges in terms of accuracy and robustness, particularly due to varying target scales,
severe occlusion, and background interference. In this paper, we propose AMS-YOLO, a
cannabis detection model tailored for UAV imagery. The model incorporates an asymmetric
backbone network to improve texture perception by directing the model’s focus towards
directional information. Additionally, it features a multi-scale fusion neck structure, in-
corporating partial convolution mechanisms to effectively improve cannabis detection in
small target and complex background scenarios. To evaluate the model’s performance, we
constructed a cannabis remote sensing dataset consisting of 1972 images. Experimental
results show that AMS-YOLO achieves an mAP of 90.7% while maintaining efficient in-
ference speed, outperforming existing state-of-the-art detection algorithms. This method
demonstrates strong adaptability and practicality in complex environments, offering robust
technical support for monitoring illegal cannabis cultivation.

Keywords: UAV imagery; cannabis detection; YOLO

1. Introduction

Cannabis (Cannabis sativa L.), a traditional medicinal and industrial crop, presents
significant global social and health challenges due to the addictive and hallucinogenic
properties of the tetrahydrocannabinol (THC) it contains [1,2]. In China, cannabis species
are classified as strictly controlled drug source plants, and any cultivation without proper
authorization is considered illegal. Despite this, illegal cultivation persists in certain regions,
particularly in remote mountainous areas or where it is intercropped with other crops.
These illicit operations are often highly covert and mobile, posing considerable challenges
for law enforcement and supervision.
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Traditional cannabis detection methods mainly rely on manual patrols, which are labor-
intensive and have low coverage efficiency. In recent years, remote sensing monitoring
technologies have gradually emerged as efficient alternatives. Some studies have attempted
to use hyperspectral imagery and satellite data for cannabis cultivation identification. For
example, Pereira et al. [3] employed near-infrared hyperspectral imaging combined with
machine learning models for spectral classification; Sujud et al. [4] integrated Sentinel-1/2
imagery with random forest algorithms to identify cannabis cultivation areas in Lebanon;
Bicakli et al. [5] used high-resolution PlanetScope satellite imagery to analyze spectral
differences between cannabis and other plants in northern Turkey, finding that the spectral
differences were most significant between May and June. These methods show certain
effectiveness in mesoscale areas (large fields), but due to limitations in spatial resolution
and issues such as vegetation confusion, they still struggle to identify low-density, covertly
distributed illegal plantations. This results in high false detection rates and makes it difficult
to meet the needs of refined governance [6,7].

In contrast, Unmanned Aerial Vehicles (UAVs) offer advantages such as low-altitude
maneuverability, flexible deployment, and high-resolution imaging, making them particu-
larly suitable for high-precision target detection in complex and heterogeneous environ-
ments [8,9]. In the domain of plant phenotyping and agricultural monitoring, UAV-acquired
imagery enables the capture of fine-grained structural and textural information, providing
detailed data support for accurate target identification [10,11]. However, certain plant
species, such as low-growing or morphologically variable crops, present additional detec-
tion challenges. These include multi-scale target variation, background clutter, occlusion,
and high inter-class similarity, all of which can negatively impact detection performance in
natural field conditions.

With the rapid advancement of deep learning technologies, convolutional neural
networks (CNNs) have become the dominant approach for image recognition tasks. In
particular, CNNs have proven highly effective in target detection by extracting seman-
tic information and spatial relationships through multi-layer feature learning, leading
to significant improvements in detection accuracy [12,13]. To address challenges posed
by complex backgrounds and multi-scale targets, researchers have recently proposed a
series of innovative convolution techniques [14-16]. For example, dilated convolution [17]
expands the receptive field of the convolution kernel, allowing the model to extract features
more effectively from targets of varying scales. Depthwise separable convolution [18]
enhances detection efficiency by reducing the computational load while maintaining high
accuracy. Furthermore, the development of attention mechanisms has led to the integration
of attention modules in many deep learning models, enabling the model to focus on the
most relevant parts of the image, thus improving target localization accuracy [19-21]. In
target detection, common attention mechanisms such as spatial attention and channel at-
tention allow the network to adaptively prioritize important regions, reducing background
noise interference and boosting detection performance in complex environments. These
innovative convolution techniques, coupled with attention mechanisms, provide powerful
support for tackling the challenges of target detection.

Object detection algorithms are mainly classified into two categories: two-stage and
one-stage methods. Two-stage algorithms, dominated by the R-CNN series, include
R-CNN [22], Fast R-CNN [23], Faster R-CNN [24], Cascade R-CNN [25], and Mask R-
CNN [26], among others. These algorithms first generate region proposals through tech-
niques like selective search, which are then classified and regressed. While these algorithms
achieve high detection accuracy for small objects or complex scenes, their computational
complexity is high, making them difficult to adapt to the stringent real-time requirements of
UAV platforms. One-stage object detection algorithms, exemplified by the YOLO (You Only
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Look Once) series, leverage an end-to-end network architecture to simultaneously predict
object locations and categories, demonstrating significant advantages in inference speed.
Since the introduction of YOLOV1 [27], the series has continuously evolved: YOLOv3 [28]
introduced multi-scale detection structures, YOLOv5 [29] adopted a lightweight backbone
network, and YOLOVS [30] further optimized the decoupled head and anchor-free mecha-
nism, significantly improving detection performance. Among the recent versions, YOLOv11
integrates the C3k2 module and C2PSA, exhibiting excellent detection accuracy and in-
ference efficiency in small-object and occlusion scenarios [31]. More recently, YOLOv13
introduced a hypergraph-based correlation enhancement mechanism and a full-pipeline
feature aggregation strategy, achieving additional accuracy improvements over YOLOv11
while maintaining computational efficiency [32]. However, YOLOv13 was released only
shortly before the preparation of this study and has not yet undergone extensive validation
in UAV-based small-object detection scenarios. Furthermore, its deployment performance
and compatibility on lightweight UAV platforms remain to be comprehensively assessed.

In the field of illicit crop monitoring, several studies have investigated the detec-
tion of opium poppy using UAV-acquired imagery and deep learning techniques. For
instance, Wang, C. et al. [33] employed YOLOV3-based object detection frameworks on
UAV-acquired imagery to identify poppy cultivation areas. Zhou et al. [34] proposed a
YOLOv3-based detection model enhanced with SPP and GloU modules and optimized with
a MobileNetv2 backbone, tailored for UAV-based poppy monitoring at low altitudes. Wang
et al. [35] proposed a two-stage UAV-based detection framework combining YOLOv5s and
DenseNet121 to reduce false positives and improve the efficiency of opium poppy image
screening in illicit cultivation monitoring. Other approaches include hyperspectral imaging
with spectral matching [36] and multi-resolution UAV monitoring for spatial localization of
poppy fields [37]. While these efforts confirm the feasibility of UAV-based deep learning
for illegal crop detection, they predominantly focus on poppies, use earlier YOLO versions,
and are not specifically tailored to complex vegetative backgrounds. To date, and to the
best of our knowledge, no published work has systematically applied YOLO or other deep
learning-based object detection methods to cannabis identification. Given the increasing
relevance of cannabis monitoring in law enforcement and the technical challenges posed
by its covert growth patterns, this represents a critical research gap that the present study
aims to address.

To tackle the aforementioned challenges, this study proposes an enhanced YOLO-
based model, Asymmetric Multi-Scale YOLO (AMS-YOLO), specifically optimized for
UAV-based cannabis detection tasks. A dedicated UAV imagery dataset was constructed to
enable comprehensive evaluation of the model. The main contributions of the model are
as follows:

1. This study proposes a UAV-based cannabis detection approach named AMS-
YOLO, which achieves a high detection accuracy of 90.7% mAP@0.5 on a self-
constructed dataset while maintaining a compact model size of only 6.4 MB. This
provides an efficient and practical solution for the intelligent monitoring of illegal
cannabis cultivation.

2. The backbone network incorporates an asymmetric padding mechanism, which en-
hances the model’s ability to capture fine-grained visual features such as the serrated
edges and palmate textures of cannabis leaves. Meanwhile, the neck network employs
a multi-scale feature fusion mechanism, effectively mitigating the degradation of
small-object features in deep networks and improving the model’s ability to distin-
guish targets in complex backgrounds.

3. A high-resolution UAV cannabis imagery dataset has been constructed, covering
various growth stages, lighting conditions (e.g., strong light, low light, and normal
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illumination), and occlusion scenarios (e.g., power line blockage and shadow interfer-
ence). This dataset provides a standardized and robust foundation for training and
evaluating detection models.

2. Materials and Methods
2.1. Datasets

Compared to satellite imagery, UAV-acquired images offer higher resolution and
greater flexibility, providing distinct advantages in detecting illegal cannabis cultivation.
Our field flights have demonstrated that morphological features of cannabis plants, such
as palmate compound leaves and stem textures, can only be effectively distinguished in
images with a ground sampling distance (GSD) of 0.8 cm or less. In contrast, traditional
satellite remote sensing is limited to identifying cultivation areas at the hectare scale and
cannot meet the requirements for individual plant detection. In this study, a DJI Matrice
300 UAV platform (DJI, Shenzhen, Guangdong, China) was employed, using a Share6100
camera (Share UAV Technology Co., Ltd., Shenzhen, Guangdong, China) to capture images
with a spatial resolution of 0.8 cm at a flying height of 120 m. The acquired imagery is shown
in Figure 1, with the image metadata provided in Table 1. The original dataset collected in
this study spans five different prefecture-level cities, covering a latitudinal range of over 3°,
thereby capturing diverse geographic environments that influence target appearance. In
terms of temporal distribution, data were acquired between August and September, which
closely aligns with the growth cycle of cannabis—an annual plant typically sown in May-
June and harvested in September—October. This period corresponds to the plant’s mature
stage, making it a critical window for field detection. Furthermore, image acquisition was
conducted under various lighting conditions, including midday sunlight, overcast skies,
and dusk, to simulate environmental variations at the same growth stage. The total volume
of raw data exceeds 6 TB.

Figure 1. Low-altitude remote sensing imagery of villages captured by UAV.

Table 1. Image metadata.

Category Attribute
UAV DJI M300
Camera Share6100
Relative flight altitude 120 m
Image resolution 9552 x 6368

Spatial resolution 0.8 cm
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In this study, raw imagery data collected from a UAV platform underwent a multi-
round, rigorous screening process, ultimately identifying 717 valid images containing
illegal cannabis cultivation areas from a vast image database. The screening process is as
follows: Initially, technical personnel with experience in cannabis identification conducted
a preliminary screening of all raw images based on texture, tone, and spatial distribution
characteristics. Subsequently, experts verified the candidate images using geographic
information data and historical cultivation records to ensure that each selected image
contained at least one clearly marked cannabis cultivation area.

To evade detection, illegal cannabis cultivation is often organized in covert ways,
such as single-plant cultivation, patch cultivation, concealed cultivation, field cultivation,
forest cultivation, and mixed cultivation, as shown in Figure 2. These diverse cultivation
strategies cause the cannabis features in the images to be blurred and difficult to distinguish,
presenting significant challenges for target detection.

K1

=

RSN

AW

(d) (e) ()

Figure 2. Examples of cannabis planting methods: (a) single-plant cultivation; (b) patch cultivation;
(c) concealed cultivation; (d) field cultivation; (e) forest cultivation; (f) mixed cultivation. The red
boxes highlight the target plant, cannabis.

The raw images captured by the UAV are high-resolution, with each image measuring
9522 x 6368 pixels and having a data size of approximately 18 MB. Cannabis targets
typically occupy a very limited area of the original UAV image, making them visually
inconspicuous and challenging to detect. Direct downsampling of the original image before
feeding it into a deep learning model leads to substantial loss of pixel information in the
already minute target regions, which in turn hinders effective detection.

To effectively preserve target details and meet the input requirements of the model,
this study employs a sliding window technique to divide the original images into
640 x 640 pixel sub-images, with a 20% overlap between adjacent windows. Samples
containing cannabis were selected to construct a dataset of 1972 samples. The dataset was
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divided into 1572 images for training and 400 images for testing, following an 8:2 split,
ensuring a solid foundation for model training and performance assessment.

As illustrated in Figure 3, the dataset covers a wide range of environmental conditions
and interference factors commonly encountered in UAV-based cannabis detection. These
include variations in illumination (normal daylight, direct high-intensity sunlight, and
low-light conditions at dusk) as well as physical occlusions, such as overhead objects (e.g.,
power lines) and cast shadows from surrounding vegetation. This diversity ensures that
the dataset more accurately reflects the challenges of real-world aerial monitoring and
enhances the robustness evaluation of detection models.

(a)

() (c) (d) (e)

Figure 3. Representative UAV imagery samples illustrating the diversity and complexity of the
dataset: (a) normal illumination without occlusion; (b) high-intensity illumination under direct
sunlight; (c) low-light condition at dusk; (d) occluded target partially covered by overhead objects
such as power lines; and (e) shadowed target within the canopy shade of surrounding plants.

2.2. AMS-YOLO

YOLOv11 is a model series developed by Ultralytics that incorporates the C3K2 mod-
ule into its backbone and neck structures to improve detection accuracy, inference speed,
and overall efficiency. The series adopts an anchor-free design, features a decoupled de-
tection head, and employs depthwise separable convolutions to minimize computational
complexity without compromising performance. In this study, the lightweight variant
YOLOv11n is selected as the baseline model due to its favorable balance between efficiency
and detection accuracy, particularly for UAV-based small-object detection tasks. How-
ever, despite its advantages, YOLOv11n still encounters limitations in certain application
scenarios. Specifically, it struggles to distinguish cannabis plants from visually similar
background textures, which reduces its effectiveness in complex, vegetation-dense environ-
ments. Additionally, the model exhibits limited scale adaptability, resulting in suboptimal
performance when detecting cannabis plants of varying sizes. While YOLOv11n offers a
commendable trade-off between accuracy and computational cost, its streamlined archi-
tecture constrains its ability to extract rich visual details, which affects its effectiveness in
cannabis identification.

In response to these challenges, this study introduces AMS-YOLO, an improved archi-
tecture built upon YOLOv11n. The optimized network structure is illustrated in Figure 4.
AMS-YOLO introduces targeted refinements to the backbone and neck modules, improv-
ing both feature representation and multi-scale information integration. In the backbone,
pinwheel-shaped convolution (PConv) replaces the shallowest convolutional block, and
a four-direction asymmetric padding mechanism is applied to strengthen the model’s
ability to capture fine details, such as the serrated edges of leaves and palmate textures,
thus providing a solid foundation for representing complex target features. Additionally,
some C3K2 modules are replaced with Asymmetric Padding C2f (APC2f) modules, where
the Asymmetric Padding Bottleneck (APBottleneck) in the module constructs anisotropic
receptive fields through asymmetric padding, improving feature separation capabilities
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while maintaining a lightweight design. In the neck network, hierarchical features extracted
by the backbone are processed through the optimized multi-scale fusion (MSF) module
to further enhance feature representation. This structure filters redundant channels at the
input using partial convolutions and also applies partial convolutions at the output to
strengthen feature reconstruction.
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Figure 4. The AMS-YOLO architecture.

2.2.1. Efficient Asymmetric Backbone Network

In this study, the PConv and APC2f module structures are introduced into the back-
bone network, forming a new efficient asymmetric backbone network. This enhancement
effectively improves the accuracy and robustness of YOLOv11n in cannabis detection tasks
while maintaining model complexity. The modified network structure exhibits stronger
perceptual capabilities for long-distance, low-contrast, and small-sized targets.

To enhance the detection capabilities of YOLOv11n for ground plant targets in complex
environments, this study modifies the backbone structure by replacing the first Convolution-
BatchNorm-SiLU module (CBS) with a PConv, which is directionally sensitive. Unlike
traditional fixed-size convolutional kernels, PConv combines 1 x k and k x 1 directional
convolutions, along with a four-direction asymmetric padding structure. This configuration
provides better feedback on the texture features of the plant’s central region, helping to
improve the network’s ability to distinguish plant leaf shape features, particularly in scenes
with dense weeds or crowded vegetation. Furthermore, the introduction of PConv not only
enhances the expression of lower-level features but also improves the model’s ability to
capture subtle differences between target plants and the surrounding weed background.

The structure of PConv is shown in Figure 5. The input feature map, with dimensions
of ¢ x h X w, undergoes asymmetric padding in four directions. The padding is applied
as Padding (left, right, top, and bottom), indicating the number of pixels to be added on
each side. The padded feature map is then processed in parallel through four convolution
blocks, with output dimensions of c¢;;, using convolution kernels of size (1, k) or (k, 1) for



Drones 2025, 9, 629

8 of 21

exhxw

the PConv operation, as described in Equation (1). Finally, the resulting feature maps are
concatenated, and a standard convolution is applied to adjust the dimensions.

Conv = SiLU(BN(Conv2d(cout, k,s,p))) (1)
Padding _ Conv
(£,0,1,0) g (cm,(k,l),s,O)
Padding Conv
(0.k.0.1) (c,-(k.1).5.0) Conv

—» C —>

Padding _ Conv
(O,I,k,O) » (cm,(l,k),s,O) de xhxw
Padding R Conv
(l,0,0,k) (cm,(l,k),s,O)

Figure 5. Structure of PConv.

In the YOLOv11n model, the C3K2 module enhances local feature fusion capabilities
through grouped convolutions and residual connections, while using a bottleneck module
for multi-scale feature extraction to process the input feature maps. However, traditional
bottleneck structures typically include multiple convolutional layers, and their fixed recep-
tive fields limit the detection performance of plant textures in complex backgrounds. The
introduction of the APBottleneck structure effectively addresses this issue. As shown in
Figure 6, compared to traditional bottleneck structures, APBottleneck offers a more efficient
feature extraction approach. It is based on the PConv concept, incorporating asymmetric
padding in four directions within the spatial dimensions to guide the network in extracting
texture features of plant stems and leaves along different directions. This enables the model
to capture edge and shape variations of the target. The four directional features are then
concatenated and fused through parallel convolutions, resulting in a clearer and more
focused representation of the plant target. The replacement of the standard bottleneck
with the APBottleneck in the APC2f module enhances the extraction of fine plant texture
features without significantly increasing the computational load, thus aiding the model’s
subsequent precise recognition.

To fully leverage the feature modeling capabilities of the APC2f module, this study
replaces the first two C3K2 modules in the backbone network structure of YOLOv11ln
with APC2f modules. This modification enhances the network’s directional selectivity
and local responsiveness during multi-scale feature fusion. The decision to replace the
first two C3K2 modules in the backbone network is based on their position in the shallow
layers of the network, where they contain rich semantic information and are capable of
effectively detecting small targets in large-size feature maps. The APC2f module helps
mitigate challenges such as target occlusion, significantly improving the accuracy of target
recognition, particularly for small targets under challenging conditions.
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Figure 6. Structure of APC2f.

2.2.2. MSF-Type Neck Network

To address the issue of insufficient feature propagation for small and low-growing
plant targets in traditional FPN-based plant detection, this study introduces MSF to con-
struct a novel neck network architecture. The specific structure is illustrated in Figure 7.
Specifically, we designed the MSF module to better combine multi-scale feature maps with
detailed information from shallow feature maps of the same aspect ratio. This design is
inspired by the SSFF module [38]. We first apply partial convolutions to the three feature
maps, generated by the backbone, which contain different levels of detail and sizes. This
approach reduces computational redundancy while maintaining efficient inference. Assum-
ing the size of the input feature map is i X w x ¢, and ¢y, is the number of channels involved
in the convolution operation, the size of the convolution kernel is k X k x c,. The total
computational load of partial convolution can be derived as & x w x k? x c%,. Therefore, the
ratio of the total computational load of partial convolution to that of standard convolution

is Z—‘E Next, the feature maps are horizontally stacked and the nearest neighbor interpolation
method is used to align all feature maps to the resolution size of the highest resolution
feature map which contains most of the information necessary for more precise plant tex-
ture details and detection. Then, 3D convolutions are applied to extract the scale-sequence
features of concatenated feature map. After 3D batch normalization and LeakyReLU ac-
tivation, the features undergo 3D pooling and another partial convolution to complete
scale-sequence feature extraction. This MSF structure is designed to address the challenge
of inadequate multi-scale feature integration, particularly for small target detection.
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Figure 7. Structure of MSF.

2.3. Experimental Setting and Assessment Indicators
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Partial
Convolution

The configuration of the main experimental setup is provided in Table 2, while Table 3

presents the key hyperparameter settings.

Table 2. Configuration of experimental equipment environment.

Parameter Parameter Value
Operating System Ubuntu 22.04
Running Memory 120 GB

Graphics Card GeForce RTX 4090
Video Memory 24 GB

Deep Learning Framework Pytorch 2.1.0
CUDA Version 12.1
Python Version 3.10

Table 3. Hyperparameter settings.

Hyperparameter

Parameter Value

init learning
epoch
batchsize
Img size
Optimizer
Number of Multi-threads

0.01
300
16
640 x 640
SGD
16

To thoroughly assess the model’s performance, this study utilizes several metrics:

precision (P), recall (R), mean average precision (mAP), number of parameters (Params),

and model size (Size).

Precision (P) is calculated as the ratio of true positive predictions to the total number

of positive predictions, as shown by the following formula:

P

TP
~ TP+ FP

()
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Recall (R) reflects the model’s ability to identify target samples, calculated as the ratio
of correctly predicted positive samples to the total number of true positive samples, as
expressed by the following formula:

TP
R= TP +FN ®)

Here, TP, FP, and FN represent the numbers of true positives, false positives, and false
negatives, respectively.

Mean average precision (mAP) is a crucial metric for assessing the model’s overall de-
tection performance. It is derived from the average precision (AP) for each category, where
AP is the area under the precision-recall (P-R) curve, as shown in the following formula:

1

AP = /0 P(R)dR )
1 N

mAP — NEO AP, (5)

where AP; represents the AP value of the i-th category and N is the number of categories
in the training dataset. The mAP is commonly reported at different Intersection over Union
(IoU) thresholds. Specifically, mAP@0.5 refers to the average of AP values calculated at an
IoU threshold of 0.5, while mAP@0.5:0.95 represents the average AP across multiple loU
thresholds ranging from 0.5 to 0.95, in increments of 0.05. These metrics are used to assess
how well a model can detect objects at different levels of overlap.

3. Results
3.1. Comparative Experiments of Different Models

To evaluate the effectiveness of the AMS-YOLO model, we compared it against several
mainstream deep learning-based object detection algorithms, including Faster R-CNN, the
YOLO series (v5, v6, v8n, v10n, and v11n), and RI-DETR-R18, which is the most lightweight
variant within the RT-DETR family [39]. To ensure a fair comparison, all selected YOLO
models have comparable parameter sizes and are suitable for practical deployment. Table 4
summarizes the performance of these models on the cannabis detection task, including
precision (P), recall (R), mAP@0.5, mAP@0.5:0.95, parameter count, and model size.

Table 4. Experimental results of different models.

Model P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) Parameters (M) Size (MB)
Faster-RCNN 82.5 78.5 85.7 434 33.09 132.4
RT-DETR-R18 84.5 80.2 87.0 47.1 20.08 80.7

YOLOv5 84.0 80.4 87.4 47.7 2.50 53
YOLOv6 83.3 81.1 88.4 48.6 4.23 8.7
YOLOv8n 81.0 81.3 87.7 48.2 3.00 6.3
YOLOv10n 81.8 79.8 86.5 46.2 2.27 5.8
YOLOv11ln 86.5 78.9 88.6 484 2.58 5.5
AMS-YOLO 87.6 79.8 90.7 49.2 3.02 6.4

The experimental results demonstrate that AMS-YOLO significantly improves detec-
tion performance. Its mAP@0.5 reaches 90.7%, representing a 2.1% improvement over the
baseline model, YOLOv11n, and a 3.3-4.2% improvement over models such as YOLOv5
and YOLOv8n. In terms of balancing precision and recall, AMS-YOLO achieves a pre-
cision of 87.6% and a recall of 79.8%, showing improvements in both metrics compared
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to YOLOv11n, which has a precision of 86.5% and a recall of 78.9%. This validates the
effectiveness of the asymmetric backbone network, combined with the multi-scale fusion
strategy, for better separation of target-background features. Furthermore, AMS-YOLO
achieves the highest mAP@0.5:0.95 score of 49.2% among all compared models. This more
stringent evaluation metric highlights the model’s ability to maintain detection accuracy
across a wider range of IoU thresholds. The 0.8% improvement over YOLOv11ln, which
achieves 48.4%, indicates that AMS-YOLO offers enhanced robustness in complex scenarios,
particularly under partial occlusion and cluttered backgrounds.

From an efficiency perspective, AMS-YOLO has a parameter count of 3.02 million and a
model size of 6.4 MB, which is slightly higher than YOLOv11n, with 2.58 million parameters
and a model size of 5.5 MB. However, AMS-YOLO shows a significant improvement in
parameter utilization. Each million parameters correspond to an mAP@0.5 of 30.0%,
representing a 12.7% increase compared to YOLOv6, which has 4.23 million parameters and
achieves an mAP of 88.4%. This improvement is attributed to the MSF-type neck network,
which reduces computational redundancy through partial convolution, enhancing the
model’s ability to detect small targets while maintaining a lightweight design.

Compared to non-YOLO architectures, AMS-YOLO demonstrates superior overall
performance and deployment efficiency. While Faster R-CNN achieves a recall of 78.5%, it
falls short in both mAP@0.5, with a score of 85.7%, and mAP@0.5:0.95, at 43.4%. Addition-
ally, it incurs significant computational costs due to its complex two-stage structure, with
33.09 million parameters and a model size of 132.4 MB. RT-DETR-R18, the most compact
variant in the RT-DETR transformer series, offers higher accuracy than Faster R-CNN,
with mAP@0.5 at 87.0% and mAP@0.5:0.95 at 47.1%. However, it still underperforms
AMS-YOLO and is significantly heavier, with 20.08 million parameters and a model size of
80.7 MB. In contrast, AMS-YOLO achieves state-of-the-art accuracy, with mAP@0.5 at 90.7%
and mAP@0.5:0.95 at 49.2%, all while maintaining a lightweight design with 3.02 million
parameters and a model size of 6.4 MB. This is made possible by its directionally sensitive
feature extraction and cross-scale fusion strategies. The optimal balance between precision
and efficiency makes AMS-YOLO particularly well-suited for real-time, onboard deploy-
ment in UAV-based cannabis detection tasks, where resource constraints and inference
speed are critical.

3.2. Visual Comparison of Test Results

To clearly highlight the AMS-YOLO model’s superiority in cannabis detection, we
visualized and compared its detection results. As shown in Figure 8, in a vegetation back-
ground with dense weeds, the original model produces significant false positives for weeds
that have leaf shapes similar to cannabis. This phenomenon indicates that the original
model lacks adequate directional sensitivity in plant texture, leading to a high overlap
in the feature embedding space between weeds and cannabis. Moreover, the original
model generates 3—4 overlapping detection boxes on individual cannabis plants, suggesting
insufficient feature discrimination ability for similar targets or backgrounds. There are local
similarities between the leaf textures and geometric shapes of weeds and cannabis. Due to
the absence of a directional sensitivity mechanism in traditional convolution, the inter-class
distance in the feature space becomes too small, causing the classifier to mistakenly identify
different parts of the same plant as multiple targets, resulting in overlapping detection
boxes. Additionally, the original model has a weak ability to represent detailed information
from shallow features, leading to blurred edge features and exacerbating detection box
localization errors.
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Figure 8. Detection effect comparison between YOLOv11n Model and AMS-YOLO.

To further quantify the model performance in complex scenarios, we manually re-
viewed the visualized predictions across all 339 images in the test set, comparing ground
truth, YOLOv11n predictions, and AMS-YOLO outputs. A strict evaluation rule was
adopted: if a single false positive or false negative occurred within an image, it was counted
once toward the respective error type. Under this criterion, AMS-YOLO produced 10 false
positive and 10 false negative samples, while YOLOv11n yielded 22 false positives and
17 false negatives. These results indicate that AMS-YOLO reduces both types of errors by
over 40%, demonstrating greater robustness under challenging conditions such as occlu-
sion, background interference, and intra-class variability. AMS-YOLO shows enhanced
robustness and is more effective at identifying cannabis plants of different sizes, as well as
distinguishing them from weed interference. These visualization results indicate that the
proposed efficient asymmetric backbone and MSE-type neck network enhance the model’s
robustness in complex scenarios, thereby improving its suitability for practical cannabis
detection tasks.
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3.3. Ablation Experiments

Ablation experiments were performed on the cannabis dataset with the same ex-
perimental setup to evaluate the contribution of each improvement module to cannabis
detection in UAV imagery. The goal was to assess the impact of the innovative modules on
detecting cannabis plants.

3.3.1. Overall Ablation Experiment

To explore the contribution of different modules to the model’s enhancement, the
original YOLOv11ln model was used as the baseline, and we gradually incorporated
(1) APC2f; (2) PConv; and (3) the MSF-type neck network structure. The performance
metrics of different models were then compared (a check mark (y/) indicates that the
corresponding improvement module was introduced, while a cross (x) indicates that it
was not used).

As shown in Table 5, starting with the baseline model, YOLOv11n, which achieves a
precision of 86.5%, recall of 78.9%, and mAP@0.5 of 88.6%, the first enhancement, APC2f,
improves recall to 80.7% and mAP@0.5 to 89.4%, although precision decreases slightly.
Further improvements by incorporating PConv in YOLOv11n-1-2 lead to a higher recall
of 81.9% and mAP@0.5 of 89.8%, with a slight drop in precision to 84.0%. Finally, the
full model, AMS-YOLO (YOLOv11n-1-2-3), which includes the MSF-type neck network
structure, achieves the highest performance, with precision reaching 87.6%, recall at 79.8%,
and mAP@0.5 at 90.7%. Although the parameter count and model size increase slightly, the
enhanced model demonstrates superior detection accuracy, confirming the effectiveness of
the combined modifications.

Table 5. Ablation experiment results.

Model 1 2 3 P (%) R (%) mAP@0.5(%) Parameters (M) Size (MB)
YOLOvl1ln X X X 86.5 78.9 88.6 2.58 5.5
YOLOv1ln-1 v X X 86.0 80.7 89.4 2.64 5.6
YOLOv11n-1-2 Vv Vv X 84.0 81.9 89.8 2.65 5.6
YOLOviIn-1-23 -, Y, J 876 798 90.7 3.02 6.4

(Ours)

3.3.2. Ablation of PConv Location

To systematically investigate the optimal deployment strategy of PConv in the back-
bone network, this study conducted a progressive replacement experiment based on a
network architecture already integrated with the APC2f module. The experiment targeted
the different hierarchical positions of the five CBS modules in the backbone network. The
distribution of these five CBS modules is illustrated in Figure 9. In the implementation
process, a univariate control approach was adopted: only one CBS module was replaced
with a PConv unit at a time, while the structure, hyperparameters, and APC2f configuration
of the other modules were kept unchanged. Independent training and evaluation were
then performed on the cannabis detection dataset.

The experimental results demonstrate that the position of PConv in the backbone net-
work significantly impacts the model’s detection performance. As shown in Table 6, when
the CBS module at position (1) was replaced with PConv, the model’s mAP@0.5 reached
89.8%, an improvement of 1.2% over the baseline model and 0.4% over the configuration
with APC2f, making it the optimal deployment strategy. This position corresponds to the
shallow feature extraction stage of the backbone network, where initial features rich in
spatial details such as edges and textures are extracted. The four-direction asymmetric
padding mechanism of PConv enhances the model’s ability to capture fundamental mor-
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phological features, such as the leaf extension direction and serrated edges of plants. This
serves as a more discriminative foundation for the subsequent semantic feature fusion.
Additionally, introducing PConv at this stage added just 0.01 M parameters (0.39% of the
total), with the model size remaining unchanged at 5.6 MB.

PConyv = 1)

C3k2

!

CBS = G

!

C3k2
¥
SPPF
C2PSA

Figure 9. Position of PConv in backbone network structure.

Table 6. Ablation experiment results of PConv.

Model P (%) R (%) mAP@0.5 (%) Parameters (M) Size (MB)
YOLOvV11n (Baseline) 86.5 78.9 88.6 2.58 5.5
YOLOv1ln + APC2f 86.0 80.7 89.4 2.64 5.6
YOLOv11ln + APC2f + (D 84.0 81.9 89.8 2.65 5.6
YOLOv11n + APC2f + 2) 84.9 81.0 88.2 2.64 5.6
YOLOv11ln + APC2f + (3 83.1 83.0 89.4 2.63 5.6
YOLOv11ln + APC2f + (9 83.9 79.6 88.5 2.59 5.5
YOLOv11ln + APC2f + (5 85.1 80.9 88.5 2.66 5.7

Performance varied significantly at other positions: replacing the module at position
@ resulted in a decrease in mAP@0.5 to 88.2%, as this stage had already entered the
semantic fusion phase, and the multi-directional feature concatenation of PConv introduced
redundancy in semantic information. When PConv was applied at position (3), mAP@0.5
dropped to 88.5%, below the baseline level, as the deep features were highly abstracted,
and PConv’s local directional sensitivity was less effective in enhancing high-level semantic
representations, possibly introducing feature noise. Notably, when the module was replaced
at position (3), the recall rate increased to 83.0%, indicating that PConv still has potential for
enhancing small target feature capture. However, precision decreased to 83.1%, reflecting
the need to further optimize the balance between directional feature enhancement and
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background suppression. The experimental results indicate that replacing the original
CBS convolution with PConv at position (D) achieves the best detection performance for
the model.

3.3.3. Ablation of MSF-Type Neck Network

To validate the effectiveness of the proposed MSF-type neck network, we conducted
a comparative performance experiment on different MSF structures in the neck network,
building upon the previously integrated PConv and APC2f models. In the original MSF
structure (MSF_p0), standard convolution is used for feature aggregation, and after fusion of
multi-scale features through 3D convolutions, the output is directly produced, as shown in
Figure 10. Subsequently, partial convolution modules are introduced at different positions
within the original MSF, with partial convolution applied on the input side as MSF_p1
and on the output side as MSF_p2, as shown in Figures 11 and 12, respectively. Both
MSE_p1 and MSF_p2, along with our final MSF, replace the original ReLU function with

LeakyReLU.
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Figure 12. MSF_p2 structure.

As shown in Table 7, all the improved MSF structures outperform the original de-
sign: MSF_p1 achieves a 0.4% improvement in mAP@0.5 over MSF_p0, indicating that
the input-side partial convolution effectively filters redundant features through channel-
selective computations, enhancing the cross-scale transmission efficiency of small target
features. MSF_p2 further increases mAP@0.5 to 89.8%, validating the enhanced feature
reconstruction capability of partial convolution at the output side. The MSF configuration
that introduces partial convolution at both ends achieves a mAP@0.5 of 90.7%, a 2.1%
improvement over the baseline. This gain results from the bidirectional optimization mech-
anism: the input side reduces feature redundancy, while the output side enhances feature
representation, collaboratively addressing the small target feature degradation issue in the
original neck network. The synergistic effect of partial convolutions at both ends of feature
fusion enables a dual improvement in detection accuracy and background suppression
while maintaining computational efficiency.

Table 7. Ablation experimental results of different MSF neck network structures.

Model P (%) R (%) mAP@0.5 (%) Parameters (M) Size (MB)
YOLOv11n (Baseline) 86.5 78.9 88.6 2.58 5.5
YOLOv1ln + MSF_p0 84.3 82.1 89.1 3.02 6.4
YOLOvlln + MSF_pl 86.0 80.6 89.5 3.02 6.4
YOLOv11n + MSF_p2 85.9 81.1 89.8 3.02 6.5

YOLOv11ln + MSF 87.6 79.8 90.7 3.02 6.4

4. Discussion

In this study, AMS-YOLO demonstrated superior performance in detecting ille-
gal cannabis cultivation from UAV imagery, combining high detection accuracy with
lightweight design suitable for real-world deployment. Compared with YOLOv11n, AMS-
YOLO improved mAP@0.5 from 88.6% to 90.7% and outperformed other lightweight
models such as YOLOv5 and YOLOv8n by 3.34.2%. These improvements highlight
the contribution of the asymmetric backbone network and the multi-scale feature fusion
strategy in enhancing target-background feature separation, thereby improving detection
capability in complex vegetative environments.

In terms of accuracy metrics, AMS-YOLO achieved the highest precision (87.6%)
among all compared models and a recall of 79.8%. High precision is particularly impor-
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tant in cannabis detection, as it helps minimize false positives, which can cause signifi-
cant disruption in practical applications. Furthermore, AMS-YOLO achieved the high-
est mAP@0.5:0.95 score of 49.2%, indicating improved localization consistency under
more stringent IoU thresholds. From an efficiency standpoint, although AMS-YOLO
has a slightly higher parameter count (3.02 M) and model size (6.4 MB) compared to
YOLOvV11n, it achieves a parameter utilization of 30.0% mAP@0.5 per million parameters.
This represents a 12.7% improvement over YOLOv®6, highlighting its superior efficiency for
lightweight deployment.

Nevertheless, the model still exhibits limitations in certain real-world scenarios. Man-
ual inspection of failure cases revealed three primary situations where AMS-YOLO strug-
gled: (1) when weed species exhibit palmate compound leaves with serrated edges in
the imagery, their visual resemblance to cannabis foliage may lead to occasional false
positives; (2) when cannabis plants displayed atypical textures in imagery, for instance due
to wind-induced leaf deformation; and (3) when targets appeared at the image boundaries
and were partially truncated, leading to missed detections. These findings indicate that
the model remains susceptible to background confusion, morphological variability, and
boundary effects. Possible remedies include incorporating advanced attention mecha-
nisms, boundary-aware detection modules, or multi-view image augmentation to enhance
discrimination and context modeling.

Beyond YOLO variants, a broader comparison with alternative approaches could offer
additional insights. Faster R-CNN, due to its two-stage detection structure, incurs sub-
stantial computational overhead and slower inference, limiting its suitability for real-time
UAV-based applications despite reasonable accuracy. RT-DETR-R18, the most lightweight
variant in the RT-DETR transformer series, benefits from enhanced context modeling but
still lacks competitiveness in overall efficiency and compactness. These comparisons un-
derscore the strengths of AMS-YOLO’s end-to-end, lightweight architecture, emphasizing
its suitability for practical deployment in UAV-based cannabis monitoring applications.

The present study did not directly evaluate performance under adverse weather or
low-light conditions. Although the dataset includes variations such as overcast skies,
strong sunlight, and dusk illumination, no data were collected during extreme weather
events (e.g., rain, fog, or haze). Such adverse conditions can reduce image contrast, blur
fine structural details, and increase background noise. This is particularly challenging
for detecting cannabis plants, whose morphology and coloration closely resemble sur-
rounding vegetation, thereby greatly increasing the difficulty of accurate identification.
Future work may address this limitation by employing simulated weather augmentation,
image enhancement techniques, or synthetic data generation to assess and improve model
robustness under these challenging conditions.

Finally, this study has certain experimental limitations. The dataset, while diverse
in geography and illumination, remains relatively small due to the difficulty of collecting
high-quality, verified UAV cannabis imagery. This may affect the generalization abil-
ity of the model to new regions or unseen cultivation patterns. Future work will focus
on expanding the dataset in collaboration with relevant authorities, integrating cross-
regional imagery, and exploring domain adaptation techniques to further enhance robust-
ness and applicability.

In conclusion, AMS-YOLO demonstrates that targeted architectural enhancements—
specifically the asymmetric backbone and multi-scale feature fusion strategy—can effec-
tively improve both accuracy and efficiency in UAV-based cannabis detection. By enhanc-
ing target-background feature separation, the model addresses core challenges such as
complex vegetative environments, small-object characteristics, and variable illumination,
outperforming several mainstream detection frameworks and offering practical value for
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intelligent law enforcement monitoring. Future work will aim to expand the dataset in
scale and geographic diversity, incorporate multi-regional imagery under varied acquisi-
tion conditions, and explore architectural refinements such as attention mechanisms and
domain adaptation to enhance robustness against morphological variability, boundary
truncation, and background confusion. Furthermore, simulating adverse weather and
low-light conditions through augmentation or synthetic data generation may help assess
and improve model resilience in real-world deployments, paving the way for AMS-YOLO
to evolve into a reliable, field-ready solution for aerial surveillance applications.

5. Conclusions

Utilizing UAVs to patrol cannabis cultivation areas has become an important method
for combating illegal cannabis farming. However, most current detection methods still rely
on manual visual interpretation, which is inefficient, highly subjective, and has difficulty
meeting the demands for large-scale, accurate monitoring. To address this issue, this study
proposes an object detection model based on convolutional neural networks—AMS-YOLO—
to automatically detect cannabis plants in UAV remote sensing imagery. The model is an
improvement over the YOLOv11n framework, achieving a detection accuracy of 90.7% on
the test dataset, significantly enhancing both detection efficiency and automation. Through
comparative experiments with several classical object detection algorithms on the same
dataset, this paper systematically analyzes the performance differences of various models in
the cannabis detection task. The results demonstrate that AMS-YOLO, without significantly
increasing computational load, achieves a 2.1% accuracy improvement over the existing best
model, offering both high detection speed and strong robustness, suggesting its potential
applicability in practical scenarios. Future research will focus on further optimizing the
model structure, with particular attention to the impact of challenging factors such as
complex backgrounds and occlusion on detection performance, to continuously improve
the model’s accuracy and stability in real-world applications.
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