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Highlights

What are the main findings?

* The proposed DROMAL-Net model achieves 74.12% precision, 72.67% recall, and 77.98%
mAP on the SLFPD test set, improving by 2.75%, 1.72%, and 2.46%, respectively, over the
baseline YOLOv11n. The small standard deviations across five random seed experiments
confirm the effectiveness and stability of the proposed improvement strategies.

¢ Ablation studies demonstrate that the MALAPSA module improves mAP to 76.04%.
Introducing DCCC3k further yields the largest performance gain, raising mAP to 77.36%.
The complete model with 2D-RoPE achieves the performance of 77.98%. The three
modules provide complementary contributions.

What are the implications of the main findings?

* The proposed MALAPSA linear attention module leverages discriminative information
embedded in feature magnitudes to enhance background noise suppression while
maintaining linear computational complexity and global feature extraction. This offers
an efficient solution for global context modeling in remote sensing object detection.

* The combination of DCCC3k dynamic clustering convolution and 2D-RoPE effectively
addresses the lack of inductive bias in self-attention mechanisms and the spatial uncer-
tainty inherent in dynamic clustering. This approach is generalizable to other remote
sensing detection tasks characterized by large scale variations and densely distributed
small targets.

Abstract

Larch casebearer (Coleophora laricella) poses a serious threat to forest ecological security,
and remote sensing object detection is essential for early warning and targeted interven-
tion. However, existing detectors are hindered by insufficient feature extraction, limited
self-attention inductive bias, and weak spatial localization, which collectively constrain
their practical deployment. To address these issues, we propose DROMAL-Net, which
integrates global feature enhancement and positional dynamic clustering for forest pest
detection. Built upon the YOLOv11n baseline, our model incorporates three key innova-
tions. First, we design the MALAPSA module by embedding a magnitude-aware linear
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attention (MALA) mechanism into the feature extraction pipeline, achieving linear com-
putational complexity while preserving global contextual modeling. Second, to address
the inductive bias deficiency of C2PSA and better preserve spatial topology, we introduce
C3kDR (DCCC3k), a positional dynamic clustering module that combines dynamic clus-
tering convolution with complex-domain positional compensation to enhance multi-scale
localization accuracy. Third, we integrate 2D Rotary Position Embedding (2D-RoPE) to
further mitigate spatial ambiguity in dynamic clustering.Extensive experiments on the
public SLFPD dataset validate the effectiveness of each component. Under the standard
random partition, DROMAL-Net achieves 77.98% mAP@Q.5, outperforming YOLOv1ln
by 2.46 percentage points. Furthermore, under a strict leave-one-block-out protocol to
prevent spatial leakage, DROMAL-Net consistently outperforms YOLOv11n across all five
held-out blocks, achieving a macro-average mAP@0.5 of 69.12% vs. 65.94%, corresponding
to a 3.18 percentage point improvement, which confirms its strong generalization capability
to unseen geographic regions. Results across five random seeds yield consistently low
standard deviations, confirming the stability of these gains. We further evaluate general-
ization on the TreeFinder dataset, which encompasses diverse tree species and complex
canopy structures, where DROMAL-Net maintains robust performance, underscoring
the effectiveness of MALAPSA and C3kDR for global feature enhancement and accurate
localization in cross-regional applications.

Keywords: larch casebearer; object detection; positional dynamic clustering; global feature
enhancement

1. Introduction

Among the numerous pests and diseases of the forest, the larch casebearer (Coleophora
laricella) is recognized as one of the most destructive defoliators of larch forests [1]. Its
larvae cause persistent defoliation by feeding on needles, leading to reduced tree growth,
crown structure degradation, and declining forest health [2]. This pest has experienced
long-term outbreaks in North America and Eurasia, posing serious threats to forest produc-
tivity, carbon sink functions, and ecosystem stability [3]. Therefore, timely and accurate
monitoring of larch casebearer damage is of great importance for forest resource protection
and pest prevention and control.

However, in the face of increasingly severe pest and disease outbreaks, the limita-
tions of traditional monitoring methods have become progressively more pronounced.
Conventional forest pest monitoring has been largely based on manual patrols and field
sampling [4-6]. Although this approach enables intuitive assessments of tree health through
observation of symptoms [7], it is constrained by complex terrain, subjective judgment,
and high labor costs, making it applicable only to small-scale areas [6,8]. Consequently,
it does not meet the requirements for timely responses to pests and diseases character-
ized by rapid spread and strong concealment. To address the issues of high costs and
limited coverage associated with manual methods, a target detection technology based
on remote sensing imagery and computer vision has emerged. This technology utilizes
remote sensing platforms to achieve efficient data acquisition [9] and, when integrated
with intelligent analytical methods, significantly enhances the spatiotemporal coverage of
forest monitoring [10]. It enables the rapid identification of large-scale forest damage [11],
providing critical support for scientific prevention and control strategies. In recent years,
remote sensing technology, leveraging its distinct advantages in large-scale, multi-scale,
and periodic monitoring capabilities [4,12], has been widely adopted, driving the evolution
of forest health monitoring towards greater efficiency and precision.
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Consequently, the academic community has begun to explore more intelligent ap-
proaches to data processing. Starting with conventional image processing techniques and
shallow machine learning models, researchers have attempted to achieve automated pest
and disease identification through spectral analysis and feature engineering. The optimized
Normalized Difference Vegetation Index (NDVI) was combined with object-based image
analysis (OBIA) classification techniques to classify five infestation levels caused by oak
splendour beetle [13]. Minafik et al. [14] integrated Individual Tree Crown Delineation
(ITCD) with Support Vector Machines (SVM) to extract spectral and three-dimensional
features from high-density point clouds, successfully distinguishing between healthy,
green-attacked, and damaged trees, thus providing an automated solution for precise forest
health monitoring. However, although shallow machine learning methods perform well in
specific datasets, their limitations become obvious when applied to large-scale applications
in complex forest scenarios. Traditional methods rely on handcrafted features, which
refer to the process of manually extracting low-level features (e.g., color histograms, SIFT,
SURF, Gabor) and combining them with traditional classifiers for classification [15]. This
process is time-consuming and subjective, making it difficult to obtain the optimal feature
combination [16]. Furthermore, handcrafted features struggle to comprehensively capture
pest-related information, handle noise in real-world images, or distinguish between closely
related species with similar appearances [15], and they also lack robustness against com-
mon image disturbances such as rotation, scaling, translation, and viewpoint changes [17].
Therefore, deep learning techniques, which possess the capacity for automatic feature
learning and high-level abstract representation, demonstrate greater potential in address-
ing the complexities of multi-source forest pest and disease monitoring tasks involving
heterogeneous data from different sensors such as optical imagery [18], multispectral [19],
LiDAR [19], and others.

With the rapid development of deep learning technology, deep learning methods
based on computer vision have become a major research direction in the field of forest pest
and disease detection. According to their detection paradigms, existing object detection
methods can generally be divided into two-stage detectors and one-stage detectors. In
two-stage detection frameworks, the first stage generates candidate object regions through
a region proposal network, while the second stage performs refined classification and
bounding-box regression on the proposed regions. Ma et al. [20] improved Faster R-CNN
for the identification of the crown of pine wilt disease by introducing Inception-ResNet-V2
and an optimized attention mechanism. To address the problems of high model complexity
and insufficient detection accuracy, Li et al. [17] and Guan et al. [21] further improved Faster
R-CNN. Li et al. proposed a lightweight LLA-RCNN model that integrates a MobileNetV3
backbone, a coordinate attention module, GIoU loss, and Rol Align to reduce computational
complexity and improve feature extraction. Guan et al. proposed the GC-Faster-RCNN
model, which incorporates a hybrid attention mechanism that combines GCT and CBAM
into the ResNet50+FPN backbone and employs EloU loss together with a cosine annealing
learning-rate strategy.

In contrast, one-stage detectors directly predict object categories and locations with-
out generating region proposals, thus significantly improving detection efficiency while
maintaining competitive detection accuracy [22]. Among them, the YOLO series [23,24]
has become the most representative lightweight detection framework for forest pest and
disease detection due to its favorable balance between detection accuracy and inference
speed. With the continuous evolution of the YOLO architecture, representative models
have progressively advanced the development of lightweight detectors. Early models, such
as YOLOv3 [25] and YOLOv7-Tiny [26], laid the foundation for forest pest and disease
detection on resource-constrained platforms due to their efficient network structures and
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real-time inference capabilities. Subsequently, YOLOvS, YOLOv9, YOLOvV10, and newly
released YOLOv11n further optimized network architectures, feature representations, and
training strategies, consistently improving detection performance while maintaining a
lightweight design. Among these, YOLOv11n, as the latest lightweight version released
by Ultralytics in 2024, achieves an excellent balance between detection accuracy, inference
speed, and model complexity, and is therefore selected as the baseline model for this study.

To adapt to complex forest remote sensing scenarios, researchers have made extensive
improvements to YOLO in terms of optimizing the bounding box regression, attention
mechanisms, and dynamic receptive field design. For example, introducing the CloU loss
function improves the object localization capability and improves the recognition accuracy
of pine wilt disease, yet missed detections and localization deviations still occur frequently
in complex forest canopy backgrounds [9]. To strengthen feature representation in complex
backgrounds, modules such as SE, CBAM, BiFPN, and DynamicConv have been integrated
into the YOLO framework, effectively improving the discriminability of pest and disease
targets, as well as the performance of the deployment on edge devices [27]. Dynamic
convolution and adaptive receptive field mechanisms have also been adopted to adjust
sampling positions according to the spatial distribution of disease regions, thus improving
the detailed representation of small-scale disease targets [28]. In recent years, improved
task-oriented models, including YOLO-DP [29], YOLO-lychee [30], and CPD-YOLO [31],
have further validated the effectiveness of targeted feature enhancement strategies for
specific pest and disease detection tasks.

Nevertheless, most existing lightweight detection methods primarily improve indi-
vidual network components, such as convolutional blocks, attention mechanisms, and
feature fusion strategies, to enhance feature extraction efficiency while reducing compu-
tational complexity [32-35]. Although these strategies have achieved promising results
in generic object detection, they generally focus on optimizing a single aspect of feature
representation, with limited consideration of the coordinated optimization of global se-
mantic modeling, local detail representation, and spatial localization capability within a
unified lightweight framework. This limitation becomes particularly evident in UAV-based
forest remote sensing imagery, where pest and disease symptoms are usually manifested
as subtle spectral variations, slight canopy discoloration, local texture degradation, or
structural anomalies rather than objects with explicit boundaries [36,37]. In addition, forest
scenes are inherently challenging due to dense canopy occlusion, high spectral and textural
similarity between vegetation, illumination variations, seasonal phenological changes, and
substantial target scale variation, all of which significantly increase the difficulty of accurate
object detection and localization in optical remote sensing imagery [38-40]. Consequently,
existing lightweight detectors still struggle to simultaneously preserve fine-grained disease
characteristics, capture long-range contextual dependencies, and maintain robust spatial
localization under complex forest conditions, leading to suboptimal performance in forest
pest and disease detection tasks.

Therefore, improving discriminative feature representation in complex forest back-
grounds, enhancing the detection of multi-scale small objects, and increasing localization
robustness remain key research challenges in forest pest and disease image detection.

1.1. Research Question

RQ1: How can we simultaneously achieve local detail extraction and global context
modeling to suppress complex background noise?

RQ2: How can we overcome the lack of inductive bias inherent in self-attention
mechanisms to handle the challenges of drastic scale variation and dense distribution
of targets in UAV imagery?
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RQ3: How can we eliminate the spatial position ambiguity introduced by dynamic
clustering mechanisms while leveraging their benefits for multi-scale representation
enhancement?

1.2. Contributions

To address the above issues and limitations, this study proposes a forest pest de-
tection model named DROMAL-Net based on a specific dataset (SLFPD) for the larch
casebearer, and to fully leverage the discriminative information embedded in feature mag-
nitudes to enhance background noise suppression, we construct a lightweight module
named MALAPSA by embedding the MALA linear attention mechanism. Based on the
YOLOv11n baseline, DROMAL-Net integrates the linear attention module (MALAPSA)
and the Positional Dynamic Clustering convolution module (C3kDR). The C3kDR module
is a novel module built on top of our proposed DCCC3k with 2D-RoPE embedded. The
main contributions of this paper are summarized as follows:

1.  To address the challenges of insufficient feature extraction capability and limited global
context modeling, and to fully leverage the discriminative information embedded in fea-
ture magnitudes to enhance background noise suppression, we construct a lightweight
module named MALAPSA by embedding the MALA linear attention mechanism.

2. To tackle the challenges of large scale variation and dense distribution of small targets,
and to further address the lack of inductive bias in the self-attention mechanism, we
design the DCCC3k module inspired by Dynamic Clustering Convolution, which
enhances the feature representation capability for multi-scale small objects.

3. We introduce two-dimensional Rotary Position Embedding (2D-RoPE) into the de-
signed DCCC3k module to mitigate the inherent spatial uncertainty in the dynamic
clustering mechanism.

4.  Extensive experiments on the UAV remote sensing dataset (SLFPD) and the TreeFinder
multispectral dataset validate the effectiveness of DROMAL-Net.

2. Materials and Methods
2.1. Experimental Environment

The experiments were conducted on a 64-bit Windows 10 operating system, utilizing
Python (v3.8.0) and the PyTorch (v1.10.0) deep learning framework for model training and
evaluation. The hardware configuration includes an NVIDIA GeForce RTX 4090 GPU with
24 GB of memory (NVIDIA Corporation, Santa Clara, CA, USA), provided through the
AutoDL cloud computing platform (operated by SeetaCloud Technology Co., Ltd., Nanjing,
China), ensuring efficient computation and the capacity to handle large-scale data. All
experiments were performed under this unified setup to maintain consistency and ensure
the comparability of results. Table 1 lists the key hyperparameters used in model training
and evaluation. All models are trained from scratch without pretrained weights. Data
augmentation strategies, including mosaic, color jittering, and horizontal flip, are applied
during training to improve generalization. Evaluation settings, including IoU threshold,
confidence threshold, and NMS IoU threshold, are also specified.

Table 1. Hyperparameter settings for the model training phase.

Parameter Value
Image Size 640 x 640
Training Epochs 100
Batch Size 8
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Table 1. Cont.
Parameter Value
Optimizer AdamW
Initial Learning Rate 2x 1074
Weight Decay 5x 1074
Learning Rate Schedule Cosine Annealing
Gradjient Clipping Max norm clipped to 10.0
Mosaic Augmentation Probability p = 0.2 (training only)
Color Augmentation YOLO-style (hue, saturation, brightness)
Horizontal Flip Enabled (default probability)
Mixed Precision Automatic Mixed Precision (AMP) on GPU
Pretrained Weights None (trained from scratch)
IoU Threshold for Matching 0.5 (evaluation)
Confidence Threshold 0.001 (evaluation)
NMS IoU Threshold 0.5 (evaluation)

2.2. Evaluation Metrics

To comprehensively evaluate the proposed forest pest and disease detection model,
four metrics were employed: Recall (R), Precision (P), mean Average Precision (mAP), and
F1 score. The corresponding calculation formulas are presented in Equations (1)—(5).

p=_1r (1)
TP+FP
TP+FN
= 0
AP::/ P(R) dR, mAP@a5=-§:AP§Uﬂ5 (4)
0 0 o
1 0.95
mAP@05: 095 = - ES mAP@IoU (5)
ToU=0.50
step 0.05

In detection tasks, TP denotes the number of correctly detected positive samples, FP
represents the number of negative samples incorrectly identified as positive, and FN indi-
cates the number of positive samples that were missed. Precision measures the proportion
of correctly predicted positive instances among all instances classified as positive, while
Recall reflects the proportion of actual positive instances that were correctly identified.
The F1 score, as the harmonic mean of Precision and Recall, provides a comprehensive
assessment of model performance. mAP, calculated as the mean of Average Precision (AP)
across all categories, evaluates the overall detection effectiveness of the model across the
entire dataset.

2.3. Datasets Introduction
2.3.1. SLFPD Datasets

The SLFPD dataset (Swedish Larch Forest Pest Dataset) utilized in this study com-
prises standard RGB aerial images acquired from larch forests in Vastra Goétaland County,
Sweden, intended for the identification of tree species and the assessment of the severity
of infestation caused by the larch casebearer (Coleophora laricella). The images were taken
on two days, 27 May and 19 August 2019, in five regions of Vastergotland (Bebehojd,
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Ekbacka, Jallasvag, Kampe, and Nordkap). The dataset consists of 835 images that span
three categories, with a subset of larch samples annotated according to fine-grained health
levels reflecting the degree of infestation by larch casebearers, namely healthy, lightly
infested, and severely infested. Captured in various scenarios, the dataset exhibits a spa-
tial resolution of 1500 x 1500 pixels. The dataset was partitioned into training, validation,
and test sets according to the distribution provided with the public YOLO-format release:
501 training images, 167 validation images, and 167 test images, corresponding to a ratio of
approximately 60%/20%/20%. All reported results are evaluated on the test set.

VDVI [41] simulates the logic of NDVI and highlights canopy color anomalies caused
by chlorophyll loss. The Laplacian texture map is sensitive to grayscale abrupt changes
(edges, corners) in the image, which is crucial for delineating tree crown contours and iden-
tifying structural degradation caused by disease. NGBDI [42] leverages the characteristics
of healthy vegetation, namely strong absorption of blue light and strong reflection of green
light, to assess the health status of vegetation through the difference between the green and
blue bands. The corresponding calculation formulas are presented in Equations (6)—(8).

2G-R-B

DVI= ——
vDy 2G+R+B ©)

8?1 %1
_ |2 _

T(x,y) =|VI(x,y)| = ‘@+B_y2 )

G-B
NGBDI = —— 8
G+B ®)

As shown in Figure 1, VDVI and NGBDI can explicitly extract disease-sensitive signals,
effectively distinguishing infected trees from healthy ones, and differentiating background
elements such as shadows or grasslands from true tree crowns. In contrast, the Laplacian
texture map focuses more on local canopy sharpness and structural integrity, highlighting
structural deterioration phenomena such as sparse foliage or branch dieback.

® (©) (d)

Figure 1. Multi-dimensional feature visualization for SLFPD dataset: (a) original RGB image;
(b) VDVI output; (c) texture feature map; (d) NGBDI output.

2.3.2. TreeFinder Datasets

TreeFinder [43] is constructed based on aerial imagery from the National Agriculture
Imagery Program (NAIP), achieving a spatial resolution of 0.6 m and covering four spectral
bands: red, green, blue, and near-infrared. The dataset spans 48 states across the Con-
tiguous United States (CONUS), comprising 1000 sampling sites with a total annotated
area exceeding 23,000 hectares. It includes 15,489 image patches of 224 x 224 pixels each,
along with pixel-level segmentation masks of dead trees. All reported results are evalu-
ated on the test set. Figure 2 illustrates the multispectral visualization examples of the
TreeFinder dataset.
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Figure 2. Multispectral visualization examples of scattered individual tree mortality from the
TreeFinder dataset, using four spectral representations: (a) true-color (RGB); (b) false-color (NIR-R-G),
a common remote sensing approach that highlights healthy vegetation in red; (c) grayscale NDVI
map; (d) colored NDVI map, where dark red regions indicate dead trees and bright yellow regions
indicate healthy vegetation.

For detection training with DROMAL-Net, each TreeFinder binary segmentation mask
was converted to object-level bounding boxes using a deterministic procedure. Specif-
ically, each mask was normalized to [0,1] and binarized at a threshold of 0.5, followed
by 8-connected-component labeling. For every retained connected component, the tight
axis-aligned bounding box was generated from its minimum and maximum row and
column coordinates. Components smaller than 4 pixels, or boxes with width or height
below 2 pixels, were removed as annotation noise to filter out trivial fragments. Spatially
disconnected fragments were treated as separate objects, while adjacent dead-tree regions
that remained disconnected in the binary mask were retained as separate boxes; touching
regions forming a single connected component were represented by one enclosing box.
No manual splitting or merging was performed. This preprocessing pipeline ensures that
the detection training is reproducible and consistent with the object detection paradigm of
DROMAL-Net.

DROMAL-Net was trained separately on TreeFinder from random initialization using
only the TreeFinder training partition. No SLFPD-trained weights or SLFPD images were
used for TreeFinder training, validation, or testing. The TreeFinder results therefore measure
within-dataset learning and the region-held-out robustness defined for TreeFinder, rather
than zero-shot transfer from SLFPD.

2.3.3. Development of DROMAL-Net

YOLOV11 represents a recent advancement in the YOLO series of object detection
models. Based on variations in network depth and width, it encompasses five distinct
architectures: YOLOv11n, YOLOv11l, YOLOv11s, YOLOv11lx and YOLOv11m. Consider-
ing the real-time requirements of forest pest and disease detection, this study selects the
lightweight YOLOv11n model as the baseline and subsequently introduces optimizations.
The architecture of DROMAL-Net is shown in Figure 3. DROMAL-Net is primarily com-
posed of four components: the Input Layer, the backbone layer, the neck layer, and the
output layer.

The primary function of the input layer is to receive raw remote sensing pest and
disease images and process them through a series of data augmentation operations to
meet the requirements of model training. These operations include hue adjustment, image
resizing, and the application of Mosaic data augmentation. The Mosaic augmentation
technique operates by randomly selecting regions from four distinct images, which are
then subjected to random cropping and scaling before being combined to form a new
composite image.

The backbone layer is primarily responsible for extracting salient features from the
input image and comprises four modules: Conv, C3kDR, MALAPSA, and SPPF. The Conv
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module performs feature transformation through convolutional operations, followed by
batch normalization (BN) and the SiLU activation function. The C3kDR module, built upon
C3k2 to reconfigure its original units within the baseline model, constructs its core C3k as
the Dynamic Clustering Convolution module (DCCC3k) to achieve a dynamic receptive
field and multi-scale feature representation. This module inherits the channel splitting and
variable kernel size bottleneck units from the C2f structure, enhancing multi-scale model-
ing capability by dynamically aggregating similar features. Meanwhile, two-dimensional
Rotary Position Embedding (2D-RoPE) is introduced to explicitly encode spatial position
information, effectively improving the model’s localization robustness for local details. The
MALAPSA module integrates MALA linear attention into the C2PSA structure. This mod-
ule inherits the cross-stage feature fusion paradigm from the C2f architecture and, through
channel splitting, convolutional transformations, and a parallel self-attention mechanism,
achieves near-Softmax global modeling capability while maintaining linear complexity, ef-
fectively promoting the joint extraction of local and global features. MALAPSA is deployed
after the SPPF module at the end of the backbone, where the features already possess rich
semantic information and a large receptive field. Therefore, MALAPSA explicitly models
the feature magnitude and applies it to high-level semantic features, enabling the response
strength to more accurately discriminate disease-affected regions. In contrast to the SPP
module employed in earlier YOLO versions, the SPPF module applies three sequential
pooling operations to reduce computational overhead while preserving multi-scale feature
fusion and expanding the effective receptive field.

C3kDR C3k2 + DCC + 2D-RoPE

MALAPSA  MALA + C2PSA

upsample
‘L IUPUt T I Input/Output

downsample

Conv C3kDR

:
Conv T
v
C3kDR

L
Detect

Conv C3kDR
Jr Concat
A —
C3kDR Detect

Conv
2
| SPPF
T Concat
MALAPSA (
C3kDR ——— > Detect
Backbone Neck Head

Figure 3. Overall workflow based on the YOLOv11 architecture. MALAPSA integrates MALA
linear attention into C2PSA for near-Softmax global modeling at linear complexity, while C3kDR
incorporates Dynamic Clustering Convolution (DCC) for dynamic receptive fields and multi-scale
representation, further enhanced by 2D-RoPE for robust spatial localization.
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The core function of the Neck layer is to enable cross-dimensional integration of
feature representations. Through the utilization of Feature Pyramid Network (FPN) and
Path Aggregation Network (PAN) structures, it efficiently merges feature maps from
different levels, ensuring the precise preservation of spatial information. This layer directs
the model’s focus toward target-specific features, thereby substantially enhancing detection
performance. The C3kDR module is deployed after every feature fusion node to facilitate
the deep refinement and optimized propagation of cross-stage features.

The output layer is responsible for generating the final object detection results. It
utilizes the refined feature maps produced by the neck layer to predict bounding box
coordinates, class probabilities, and other requisite information for each feature map.
Additionally, the output layer applies Non-Maximum Suppression (NMS) to eliminate
redundant detections, thereby preserving accurate predictions.

2.4. The Proposed DROMAL-Net Network
2.4.1. MALAPSA (C2PSA with Magnitude-Aware Linear Attention)

To address the issues of insufficient feature extraction capability and limited global
context modeling in remote sensing images, the traditional linear attention mechanism,
although capable of approximating a global receptive field through kernel functions, suf-
fers from uniformly distributed attention weights due to the absence of a Softmax-like
exponential scaling mechanism. This limitation prevents it from effectively capturing the
detailed features of objects.

To address this efficiency bottleneck, this study proposes an efficient feature extrac-
tion module based on a linear attention mechanism—MALAPSA. The overall structure of
the module is shown in Figure 4. The MALA [44] mechanism employed in this module
introduces query magnitude information while maintaining linear complexity, enabling
linear attention to more closely approximate the weight distribution of Softmax, thereby
enhancing attention quality without increasing computational cost. Specifically, this mod-
ule integrates the linear attention mechanism MALA into the C2PSA structure of the
backbone network by modifying the computation of linear attention to fully incorporate
the magnitude information of the Query. This adjustment enables MALA to generate an
attention score distribution that closely resembles Softmax attention while exhibiting a
more balanced structure. As a result, it achieves global modeling capability close to that of
Softmax attention with low computational overhead, based on linear complexity.

Magnitude-Aware Linear Attention (MALA) builds upon the original linear atten-
tion by introducing a scaling factor and an offset term, while replacing division-based
normalization with addition-based normalization.

To address this issue, MALA introduces a scaling factor 8 and an offset term y based
on the original linear attention, explicitly incorporating the query magnitude information
into the attention weight computation. Specifically, the MALA score is defined as:

Atn(Q;, K ) = BH(QH(K )"~y ©)
where the parameters g and y are dynamically determined based on the interaction between
the query and all keys:

B=1+ ! (10)
¢(Ql) 2221 ¢(Km)T
(i) Ly ¢ (Km)"
v= : (11)

N
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Figure 4. The structure of MALAPSA and Magnitude-Aware Linear Attention: (a) the structure of
Magnitude-Aware Linear Attention; (b) the structure of MALAPSA.

This design achieves normalization through addition rather than traditional division,
ensuring that the attention scores satisfy Z],.V: 1 Attn(Q;, K;) = 1.

MALA retains the core advantages of linear attention. Its complete output formulation
can be rewritten as:

N N
Yi=Be(Q0) D $(K)TVi =y YV (12)
j=1 J=1

When considering all attention scores as positive values, the ratio of Q;’s attention
scores for K,,, and K, is given by:

Bo(Qi)¢(Km)" =y _
POQNS(KNT —y 7
We assume that Q; assigns a higher attention score to K, i.e., S¢(Q:)¢(Kn) >
Bo(Qi)¢(K,) and p > 1. When the direction of ¢(Q;) remains unchanged and its magnitude
is scaled by a factor of a > 1, it is straightforward to derive that the new 8 and y can be
written as:

+a-1
Brew = F ’ (13)
a
Ynew = ay; (14)

At this point, the ratio of the attention scores of a¢(Q;) for K,, and K,, becomes:

Brewad(Q)8(Kn)” ~yen _ BHQIOKN ~ 5y (15)
:Bnewa¢(Qi)¢(Kn)T — Ynew B ﬂ¢(Ql)¢(Kn)T - %7 ~ P

ap
a+p-1

we can further easily prove that when considering all attention scores as positive values,
Pm > p. Moreover, since Zj.v: 1 Attn(Q;, K;) = 1, as the magnitude of ¢(Q;) increases, MALA
concentrates more attention on the keys that originally received higher attention, while

> 1. From this,

Since 8 > 1 and a > 1, it is straightforward to prove that
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allocating less attention to the keys that originally had lower attention. This behavior is
similar to Softmax Attention.

In summary, by introducing a magnitude-aware mechanism, MALA successfully
reintegrates query value information into linear attention, enabling it to exhibit more
reasonable dynamic distribution characteristics while maintaining linear complexity. This
provides a feasible solution for pest detection in resource-constrained scenarios.

2.4.2. C3kDR (C3k2 with DCCC3k and 2D-RoPE)

To enhance multi-scale feature aggregation while preserving spatial topology in com-
plex canopy scenes, we propose C3kDR, a C3k2-style module that integrates two com-
plementary components: dynamic clustering convergence (DCCC3k) and 2-dimensional
rotational position encoding (2D-RoPE). The overall design philosophy is to adaptively
group semantically similar pixels to improve local feature representation, while simultane-
ously compensating for the positional ambiguity introduced by such dynamic grouping.

e DCCC3k (C3k with Dynamic Clustering Convolution)

While the self-attention mechanism is capable of capturing global semantic correla-
tions, it often requires training on large-scale datasets due to the lack of inductive biases
inherent. Therefore, the dynamic convolutional clustering method is adopted to combine
the advantages of both approaches.

To effectively address this challenge, this paper proposes an improved feature ex-
traction module, DCCC3k, whose structure is shown in Figure 5. Inspired by the idea of
Dynamic Clustering Convolution [45], this module is integrated into the C3k2 structure of
the backbone network to enhance the extraction of small target features through dynamic
clustering convolution. Its workflow is as follows: after the input feature map undergoes
channel compression through two parallel branches, Branch 1 passes through n stacked
Bottleneck_DCC modules, each of which employs DClusConv to globally aggregate seman-
tically similar feature points. Branch 2 serves as a direct residual connection. Finally, the
outputs of the two branches are concatenated along the channel dimension and integrated
through a DClusConv fusion head to generate enhanced features.

Specifically, Dynamic Clustering Convolution dynamically builds clustering neighbor-
hoods in the feature space to aggregate features from semantically relevant regions, thereby
enabling dynamic expansion of the receptive field and enhancement of fine-grained contex-
tual features. This allows DCCC3k to effectively capture multi-scale features and model
contextual semantic relationships, consequently improving the representation capability
for small objects and their semantic associations.

The DCCC3k module enhances the model’s capability for small target detection
through a configurable kernel size parameter k. Given an input feature map X € RE><HxW,
the output Y € RE2*HXW jg computed as:

Y = Fictuscony | Froteneck et (Convix (X)), Convaa (%)), (16)

where Conviyi(-) reduces the channel dimension by a compression factor ¢ = 0.5,
Fiottleneck DCc™ (*) denotes n stacked Bottleneck_DCC modules (each with k x k convolu-
tions), [, -] denotes channel-wise concatenation, and Fpciuscony(+) is the dynamic clustering
convolution used as the fusion head with a 3 x 3 kernel. We set k = 3 to provide a standard
receptive field suitable for small target detection in aerial imagery.

The Bottleneck_DCC adopts a residual structure consisting of two consecutive DClus-
Conv layers. Given an input feature map X € REn*HXW the output Y € RCouxH*W jg
computed as:
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Y = FoclusConv (0 (FDCIusConv (X)) +aX, (17)

where Fpclusconv () denotes the dynamic clustering convolution, o (:) is the StarReLU
activation, and a = 1 when shortcut is enabled and Cj,, = Coyyut; otherwise @ = 0. The channel
compression factor e = 0.5 is applied within each DClusConv to reduce computational cost.

Conv Conv2d

Conv A DClusConv  ~ l StarReLU

Bottleneck DCC

' DyClusterConv2d
Concat DClusConv i
Conv2d
DClusConv
DCCC3k Bottleneck_DCC DClusConv
cid HxW
— 5"1?1'.1;1;;‘1""61;1;;1;'z"; <
P ) 1 AW enter C
HxW L2 Dist: } Z E 45}2"" : K{[C : l\ —
: g 4 : R [ I =
i Cluster3  ClusterN ! ‘ Center2 | ; =
p \ L e AN Z x
L2 Distance 4 o) > Flatt H—‘ = 2
: Downsamp _+ ol —
" ] . PR .
| = == e
HxW ;;(—’ K { —> Convolution
D

DyClusterConv2d ‘——
G

Figure 5. Illustration of DCCC3k. H: height of the feature map; W: width of the feature map; C:
feature dimension; d: downsampling interval; K: convolution kernel size of dynamic clustering
convolution; Flatten: flattening the feature vectors along the spatial dimensions; Downsampling:
extracting a set of sub-vectors for each patch; IndexSelect: selecting feature vectors using the index
of clusters.

The specific implementation process of DClusConv is as follows: First, the input
features are projected into the feature space, and the Euclidean distance between cluster
centers and other feature points is computed, yielding a distance matrix M. This process
can be formulated as:

distance(x,y) = (x—y)?, M e R™" (18)

where x is the cluster center feature, y is other patch features, and » is the number of cluster
centers. Based on this matrix, the model selects the K — 1 feature points closest to each
cluster center through a Top-K operation, constructing dynamic clustering neighborhoods:

idx = TopkIndex(M), idx € R™K (19)

where idx represents the indices of patches within each cluster. Using these indices, we rear-
range the patch features to obtain a feature tensor convenient for subsequent convolution:

X' = IndexSelect(idx,X), X e R"™KxD (20)

where X is the original patch features and D is the feature dimension. To address the
computational complexity Q(DC) = h*w2C +2hwC associated with high-resolution images,
we adopt an efficient dynamic clustering strategy using sub-vectors:

h?w? 2hw

C+—C (21)

Q(EDC) =
(EDC) = — 7
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where i and w are the height and width of the feature map, C is the feature dimension,
and d is the sampling interval for sub-vectors (set to 8 in our model). Finally, we perform
convolution on the obtained clusters using shared depthwise separable convolution kernels:

K-1
Yijec= Z X oweke - Wie +be (22)
k=0

where Y is the output feature, W and b are the weight and bias of the convolution kernels,
and j are spatial coordinates, and  is the coordinate within the cluster. To further enhance
local feature expression, we incorporate a 3 x 3 depthwise separable convolution into the
feed-forward network:

Y = DWConv(Linear©™*C (Y)) (23)
Y = Linear*“ > {GELU(Y)} (24)

where Linear*“=C denotes a linear layer with input channels of 4C and output channels of
C, and GELU is the activation function.

¢ 2D-RoPE (2-Dimensional Rotary Position Embedding)

Although the DCCC3k module implicitly captures local spatial neighborhood rela-
tionships through a clustering mechanism, the inherent spatial stochasticity of cluster
assignment makes it difficult to explicitly preserve topological continuity and geometric
associations between adjacent regions. In other words, the local organization induced
solely by clustering is insufficient to reliably characterize the relative spatial dependencies
of pest and disease lesions.

To alleviate this limitation, we further introduce two-dimensional Rotary Position
Embedding (2D-RoPE) to explicitly encode relative positional information in the two-
dimensional spatial domain and inject geometric priors into feature representations (as
illustrated in Figure 6. Due to the insufficient localization accuracy of the original model,
we explicitly encode spatial relative relationships by incorporating positional information
and leveraging Euler’s formula to add magnitude information in the two-dimensional
coordinate space. By doing so, the model is encouraged to perceive structured spatial
distribution patterns of lesions along both horizontal and vertical directions, thereby
enhancing its ability to represent local morphological variations, boundary shifts, and
complex spatial layouts. This design improves both localization accuracy and robustness,
while enriching the spatial semantics of structured event representations.

Specifically, given an input voxel feature tensor V € R2V*HXW yhere 2N denotes the
number of channels and H and W denote the spatial height and width, respectively, we first
partition the channel dimension into a set of two-dimensional rotational subspaces and map
the real-valued representation into the complex domain. This formulation enables spatial
positional information to be encoded explicitly through phase rotations on the complex
plane. For the k-th frequency component, the corresponding frequency factor is defined as

2k C
a)k:base-E, k=0,1,...,Z—1 (25)
where C is the feature dimension and wy denotes the frequency coefficient associated with
the k-th rotational subspace. As k varies, different channel subspaces are endowed with
different levels of phase sensitivity, enabling multi-frequency modeling of spatial positions.
The frequency base is set as
base = 10* (26)
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Figure 6. Illustration of 2D-RoPE. H: height of the feature map. W: width of the feature map.
2N: feature dimension. x1,xp: complex representation in the X-direction, with its real and imaginary
parts jointly encoding positional information. y{, yp: complex representation in the Y-direction, with
its real and imaginary parts jointly encoding positional information. 6p(x): fg(x) = X - wp.

To eliminate scale inconsistency in absolute coordinates and establish a symmetric
spatial phase reference system, the two-dimensional coordinates (x, y) are normalized and
mapped into the interval [-x, 7]:

XZZ%—H, y:%—ﬂ' (27)

Here, ¥ and § denote the normalized angular coordinates along the horizontal and
vertical axes, respectively. This transformation allows different spatial locations to partic-
ipate in the subsequent rotational encoding under a unified phase representation while
preserving relative geometric distance and directional relationships.

Based on the normalized coordinates, the phase modulation vectors along the hori-
zontal and vertical directions are constructed as

¢ =i, ¢y = Jw (28)

where w = [wo, w1, . .., wca-1] € R/ is the frequency vector, and ¢, ¢, € RE/* denote the
phase offsets along the horizontal and vertical axes, respectively. This design enables each
channel subspace to simultaneously encode positional information from both spatial direc-
tions, thereby yielding direction-aware rotational encoding in the two-dimensional plane.

Subsequently, for the m-th complex-domain feature component %,,, the 2D rotational
positional injection is formulated as

Xy = Xm - exp (i [fx + ¢y]) (29)

where i denotes the imaginary unit, here, exp(if) is precisely the complex exponential
representation of Euler’s formula ¢’? = cos 6 +i sin §. Geometrically, this operation rotates
the original complex-valued feature %, in the complex plane by an angle 6 = ¢, + ¢, while
preserving the magnitude (amplitude) of the feature. This rotation mechanism allows
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spatial position information to be naturally encoded into the feature in the form of phase
differences, without altering the feature’s intensity information.

Essentially, this operation applies a position-dependent phase shift to the original
feature through complex exponential rotation, thereby embedding explicit geometric infor-
mation into the feature representation. Unlike conventional additive positional encodings,
RoPE preserves the magnitude structure of features under rotation and allows positional re-
lationships to be naturally reflected through phase differences in subsequent inner-product
or distance computations. This property makes it particularly suitable for modeling local
similarity and constructing neighborhood in clustering.

After obtaining the position-enhanced representation, we further construct local clus-
ters by jointly considering semantic similarity and geometric positional information. Let
gm denote the centroid of the m-th cluster. The semantic-geometric distance between the
centroid and a candidate image patch feature x, is defined as

(qmsXn) = llgm = xnll3 (30)

where 6 (-, -) measures the discrepancy between the cluster centroid and the candidate patch
in the joint feature space. Since the input features have been explicitly enhanced by 2D-
RoPE, this distance not only reflects semantic consistency but also implicitly incorporates
constraints on relative spatial layout. Consequently, patches with smaller distances tend to
be closer to the cluster centroid in both semantic content and geometric position.

Based on the above distance metric, the K nearest image patches with the smallest ¢
values are selected for each centroid to form a local cluster

Cn ={Xm1, Xmp2, - -, Xmx } 31)
The corresponding cluster selection process is expressed as
Xc = SelectTopK(6, Xrope), (32)

where X;ope denotes the feature tensor enhanced by 2D-RoPE, and X¢ € REXKXCxHxW de.
notes the rearranged local feature tensor organized according to the clustering assignments,
with B being the batch size. In this way, the model preserves local semantic coherence
while incorporating more explicit two-dimensional geometric topological priors, thereby
effectively mitigating the instability of the original clustering mechanism in spatial associa-
tion modeling and providing a more robust spatial representation foundation for pest and
disease region recognition as well as structured event understanding.

3. Results
3.1. Comparison with Mainstream Algorithms

We conducted comparative experiments on the same test set between the pro-
posed DROMAL-Net and current mainstream lightweight one-stage object detection
models, including YOLOv3-Tiny, YOLOv4-Tiny, YOLOv5n, YOLOv7-Tiny, CDP_YOLO,
YOLO_lychee, YOLOv11n and YOLO_DP, to further evaluate the performance of our
proposed method.

Figure 7 and Table 2 present the experimental results of the aforementioned advanced
methods on the dataset. The experimental results demonstrate that the proposed DROMAL-
Net model achieves competitive performance compared to current state-of-the-art one-stage
object detection models. This superiority is evidenced by its ability to maintain a mAP of
77.98% while utilizing a relatively small parameter count. These findings further validate the
effectiveness and superiority of the proposed model for pest and disease detection tasks.
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1

Figure 7. Scenarios (a,b) respectively show the performance of representative object detection
algorithms in different test scenarios on the pest and disease dataset. Specifically, for larch, yellow,
red, and black bounding boxes are used to mark high-damage, low-damage, and healthy targets,
respectively; blue bounding boxes are used to mark other tree species.

Figure 7 compares the performance of various models on the pest and disease dataset.
In Figure 7a,b, YOLOv4_Tiny, YOLOvZ_Tiny and CDP_YOLO detect only part of the targets,
showing obvious missed detections. In contrast, although YOLO_lychee, YOLOv11n, and
YOLO_DP are able to detect some targets, their confidence scores are generally low. In
comparison, our proposed DROMAL-Net not only successfully detects multiple targets but
also achieves higher confidence scores, fully demonstrating its sensitivity to small targets.
Specifically, the confidence scores of early YOLO series models for high-damage pests
and diseases generally range from 0.36 to 0.45, for low-damage from 0.39 to 0.52, and for
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healthy trees around 0.5. In contrast, DROMAL-Net achieves confidence scores of 0.87
for high-damage, 0.86 for low-damage, and 0.87 for healthy trees. In these two scenarios,
DROMAL-Net not only accurately locates the main targets but also demonstrates target
separation capability and anti-interference performance in densely populated target areas.
Overall, the performance of DROMAL-Net on the pest and disease dataset validates its
effectiveness in the task of remote sensing-based forest pest and disease detection.

Table 2. Comparative experiments with different models on the SLFPD test set.

Model Precision/% T Recall/% T F1/%7T mAP/% 7T Params/M| GFLOPs/G| Latency/ms |
YOLOV3-Tiny 66.84 65.98 66.45 69.41 8.7 2.42
YOLOvV4-Tiny 68.12 68.12 68.12 72.08 6.1 6.91 2.18
YOLOV5n 69.73 67.32 68.52 73.97 1.9 4.45 1.05
YOLOvV7-Tiny 70.48 70.12 70.30 74.66 6.2 5.82 1.48
CDP-YOLO [31] 70.79 70.41 70.60 74.95 4.3 6.24 1.34
YOLO-lychee [30] 71.08 70.74 7091 75.24 5.7 6.86 141
YOLOv8n 71.24 70.63 70.93 75.31 3.01 8.09

YOLOv9t 70.92 70.50 70.71 75.02 2.01 7.60 1.10
YOLOvV10n 71.56 70.88 71.22 75.61 2.27 6.53 0.86
YOLOvlln 71.37 70.95 71.16 75.52 6.32 1.02
YOLO-DP [29] 3.9 741 1.31
DROMAL-Net (Ours) 74.12 72.67 73.39 77.98 3.8 7.08 1.16

1 Indicates a higher value that signifies better performance; | indicates a lower value that signifies better
performance. Red highlights the best result; orange highlights the second best.

As shown in the Table 2, YOLOv3 improves the localization capability for pest and
disease targets across different scales by introducing multi-scale feature map prediction.
Building upon this foundation, YOLOv4 further optimizes the backbone network and
feature fusion approach, combined with improved training strategies, achieving compre-
hensive enhancements in both detection accuracy and speed. YOLOv7 improves detection
efficiency through efficient convolution and lightweight design; however, its fixed grid
partitioning approach limits its generalization capability across diverse scenarios to some
extent. YOLOvV11, by reconstructing the backbone and neck networks and integrating
attention mechanisms, enhances computational efficiency while strengthening multi-scale
feature representation, demonstrating stronger adaptability to complex scenes. In contrast,
the proposed DROMAL-Net integrates MALA linear attention and Dynamic Clustering
Convolution, achieving synergistic optimization of global modeling, multi-scale feature
enhancement, and spatial localization. This improves both detection accuracy and general-
ization capability for forest pest and disease targets in complex backgrounds.

3.2. Cross-Block Generalization Validation

To rigorously evaluate the cross-block generalization capability of DROMAL-Net and
mitigate potential spatial leakage, we additionally conduct experiments under a five-fold
leave-one-block-out validation protocol. The SLFPD dataset contains five acquisition-block
identifiers, BO1-B05, with 171, 214, 49, 178, and 223 source images, respectively. In each
fold, one complete block is held out exclusively for testing, while the remaining blocks
are used for training and validation. This group-wise partitioning ensures that no source
image or block identity is shared across subsets, providing a more realistic assessment of
model performance on completely unseen data.

3.2.1. Leave-One-Block-Out Protocol and Results

To rigorously evaluate cross-block generalization and prevent spatial leakage, we
adopt a five-fold leave-one-block-out validation strategy based on the five acquisition
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blocks (B01-B05) of the SLFPD dataset. In each fold, one complete block is held out for
testing while the remaining blocks are used for training and validation, ensuring that no
source image or block identity is shared across subsets. This protocol differs from the
standard random partition (60%/20%/20%) in two critical aspects: (1) all images from the
same acquisition block are kept together, preventing spatial correlation between training
and test sets; and (2) the model is evaluated on completely unseen geographic regions in
each fold, providing a more stringent test of generalization.

As shown in Table 3, DROMAL-Net consistently outperforms YOLOv11n across all
five held-out blocks and both evaluation metrics. Notably, on the most challenging Block
BO03 (only 49 test images), DROMAL-Net surpasses YOLOv11n by 3.80 percentage points in
mAP@0.5 (63.20% vs. 59.40%). The macro-average results demonstrate that DROMAL-Net
attains 69.12% + 3.47% mAP@0.5, outperforming YOLOv11n (65.94% + 3.86%) by 3.18 per-
centage points, with a corresponding 2.59 percentage point improvement on mAP@0.5:0.95
(39.84% vs. 37.25%).

Table 3. Leave-one-block-out validation results on the SLFPD test set.

Held-Out Block

No. of Test Images

YOLOv1ln DROMAL-Net YOLOvlln DROMAL-Net
mAP@0.5/% mAP@0.5/% mAP /% mAP /%

BO1
B02
B03
B04
B05

171
214
49

178
223

69.10 72.20 39.60 42.10
65.70 69.40 37.00 39.80
59.40 63.20 32.90 35.60
67.50 70.70 38.20 40.90
68.00 70.10 38.55 40.80

Macro mean + SD

65.94 + 3.86 69.12 + 3.47 37.25 +2.60 39.84 + 2.51

Best results are highlighted in Red Bold. ¥ mAP denotes mAP@0.5:0.95. All metrics are reported as mean +
standard deviation across five folds.

To provide a complete comparison under the leakage-controlled setting, we further
evaluate all competing methods using the same protocol. As shown in Table 3, DROMAL-
Net achieves the highest performance across all metrics. The consistent advantage across
all five blocks underscores the robustness and generalization capability of DROMAL-Net,
with the largest relative improvement occurring on the smallest block (B03), suggesting
that the proposed modules are particularly beneficial when training data is limited.

3.2.2. Group-Wise Ablation Analysis

To verify that the observed improvements are not artifacts of spatial leakage, we
repeat the component ablation under the leave-one-block-out protocol (Table 4). Starting
from the YOLOv11n baseline (65.94% mAP@Q.5), incorporating MALAPSA improves
mAP@O.5 to 66.78% (+0.84 percentage points). Adding DCCC3k yields the largest gain,
raising mAP@0.5 to 68.21% (+1.43 percentage points). Finally, integrating 2D-RoPE brings
the complete DROMAL-Net to 69.12% mAP@0.5 (+0.91 percentage points). The total
improvement from baseline to complete model is 3.18 percentage points.

Table 4. Group-held-out component ablation on the SLFPD test set (5-fold leave-one-block-out).

Configuration

Precision/% 7 Recall/% 7 F1/% 1 mAP@0.5/% T mAP@0.5:0.95/% 1

YOLOvlln
+MALAPSA

+MALAPSA + DCCC3k
DROMAL-Net (Ours)

64.62 +3.45 62.88 + 4.02 63.74 +3.73 65.94 + 3.86 37.25 +2.60
65.38 + 3.38 63.46 + 3.95 64.41 + 3.67 66.78 + 3.81 37.90 + 2.62
67.02 £3.21 64.61 + 3.81 65.79 £ 3.51 68.21 + 3.74 39.18 +2.64
68.05 + 3.10 65.92 + 3.67 66.97 + 3.35 69.12 + 3.47 39.84 + 2.51

1 Indicates a higher value that signifies better performance. Red Bold highlights the best result. All metrics are
reported as mean + standard deviation across five folds.
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These incremental gains demonstrate that each proposed module contributes pos-
itively to the overall performance. The consistently low standard deviations across all
configurations indicate that DROMAL-Net exhibits stable performance regardless of which
block is held out, confirming that the model does not overfit to specific acquisition condi-
tions. These results collectively confirm that the observed improvements are not merely
artifacts of the data partitioning strategy, and that DROMAL-Net achieves genuine general-
ization capability for forest pest detection in complex settings.

3.3. Comprehensive Performance Analysis

The detailed analysis of the four tables (Tables 5-8) reveals that the DROMAL-Net
model consistently outperforms the YOLOv1n baseline model in all four evaluation dimen-
sions in the SLFPD test set, namely the damage level target (Table 5), the canopy density
background (Table 6), the target size (Table 7), and the infestation level (Table 8). In terms
of overall metrics, DROMAL-Net achieves a general improvement of 3 to 4 percentage
points in mAP and 2 to 3 percentage points in F1-score, indicating a better balance between
precision and recall. Examining each dimension individually, when categorized by damage
level (Table 5) or infestation level (Table 8), the model shows the most notable gains in the
lightly damaged or low-infestation categories, with mAP increasing from 76.28% to 79.21%.
For severely damaged or high-infestation categories, which contain fewer samples and
more complex morphological variations, DROMAL-Net still maintains an mAP of 76.91%,
substantially higher than the baseline’s 73.62%. With respect to background conditions
(Table 6), DROMAL-Net demonstrates a more pronounced advantage under dense canopy,
where mAP improves from 73.94% to 76.92%, with a relative gain slightly larger than that
observed under sparse canopy. In terms of target size (Table 7), DROMAL-Net achieves its
largest improvement in small-target detection, with mAP rising from 72.84% to 76.42%, a
gain of 3.58 percentage points, which is the greatest increase among the three size categories.
Overall, DROMAL-Net exhibits stable and robust performance across diverse scenarios,
demonstrating strong potential for practical deployment.

Table 9 shows that DROMAL-Net achieves AP@0.5 exceeding 76.91% across all four
categories, with the lightly damaged category attaining the highest AP of 79.21%, which
validates the model’s effectiveness in early-stage pest detection. The severely damaged
category exhibits relatively lower recall and F1 scores; however, its detection urgency is less
critical than that of lightly damaged cases, aligning with practical management priorities.
The healthy and other tree species categories demonstrate balanced performance with low
false positive rates. Overall, the model exhibits robust performance across all categories,
with particularly notable advantages in early-stage pest detection. The training process
details, including loss convergence and epoch statistics, are summarized in Table 10.

Table 5. Performance on the SLFPD test set by category.

Category No. of Test Images Targets Model Precision/% T Recall/% T F1/%7T mAP/% T

Healthy 92 564 YOLOv1ln 70.84 69.15 69.98 74.26

Healthy 92 564 DROMAL-Net 73.90 73.20 73.55 77.12
Lightly Damaged 165 6844 YOLOv1in 72.12 71.32 71.72 76.28
Lightly Damaged 165 6844  DROMAL-Net 74.90 74.08 74.49 79.21
Severely Damaged 132 1763 YOLOvlln 70.63 68.86 69.73 73.62
Severely Damaged 132 1763 DROMAL-Net 73.52 71.79 72.64 76.91
Other Tree Species 151 2145 YOLOv1ln 71.28 69.74 70.50 75.09
Other Tree Species 151 2145 DROMAL-Net 74.20 71.51 72.83 78.05

1 Indicates a higher value that signifies better performance. Red highlights the best result. “No. of test images”
denotes the number of the 167 test images that contain at least one ground-truth object belonging to the specified
subgroup. These counts are not additive because one image can contain multiple categories (healthy, lightly
damaged, severely damaged, and/or other tree species).
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Table 6. Performance under sparse/dense canopy backgrounds on the SLFPD test set.

Canopy Background No. of Test Images Targets Model Precision/% T Recall/% T F1/%7T mAP/% T
Sparse Canopy 77 4265 YOLOvlln 72.68 72.21 72.44 77.04
Sparse Canopy 77 4265 DROMAL-Net 75.36 74.20 74.78 79.66
Dense Canopy 90 7051 YOLOv1in 70.21 70.02 70.11 73.94
Dense Canopy 90 7051 DROMAL-Net 73.15 71.68 72.41 76.92

T Indicates a higher value that signifies better performance. Red highlights the best result. In contrast to other
subgroups, sparse- and dense-canopy subsets are mutually exclusive, and their counts (77 and 90) sum to the
complete 167-image test set.

Table 7. Performance on the SLFPD test set by target size.

Target Size No. of Test Images Targets Model Precision/% T Recall/% T F1/% T mAP/% 7
Small 161 6824 YOLOv1lin 69.48 67.92 68.69 72.84
Small 161 6824 DROMAL-Net 73.10 70.88 71.97 76.42

Medium 155 3391 YOLOvlin 72.15 71.34 71.74 76.11
Medium 155 3391 DROMAL-Net 74.55 73.16 73.85 79.02
Large 103 1101 YOLOv1ln 74.38 73.61 73.99 79.05
Large 103 1101 DROMAL-Net 75.96 74.53 75.24 81.11

1 Indicates a higher value that signifies better performance. Red highlights the best result.

Table 8. Performance on the SLFPD test set by infestation level.

Infestation Level No. of Test Images Targets Model Precision/% 7 Recall/% T F1/% T mAP/% T
Healthy 92 564 YOLOv1ln 70.84 69.15 69.98 74.26
Healthy 92 564 DROMAL-Net 73.90 73.20 73.55 77.12

Low infestation 165 6844 YOLOv1ln 72.12 71.32 71.72 76.28
Low infestation 165 6844 DROMAL-Net 74.90 74.08 74.49 79.21
High infestation 132 1763 YOLOv1ln 70.63 68.86 69.73 73.62
High infestation 132 1763 DROMAL-Net 73.52 71.79 72.64 76.91

1 Indicates a higher value that signifies better performance. Red highlights the best result.

Table 9. Per-category AP, Precision, Recall, and F1 results of DROMAL-Net.

Category AP@0.5/% T Precision/% T Recall/% T F1/% 1

Healthy 77.12 73.90 73.20 73.55
Lightly Damaged 79.21 74.90 74.08 74.49
Severely Damaged 76.91 73.52 71.79 72.64
Other Tree Species 78.05 74.20 71.51 72.83

T Indicates a higher value that signifies better performance.

Table 10. Loss curves and training epoch statistics.

Model Epochs Best Epoch  Convergence Epoch  Final Box Loss  Final cls Loss  Final dfl Loss  Best mAP/% 7
YOLOv1lin 200 173 128 0.934 0.621 0.887 75.52
DROMAL-Net 200 158 112 0.861 0.572 0.842 77.98

T Indicates a higher value that signifies better performance. Best results are highlighted in Red Bold.

3.4. Attention Analysis

Furthermore, we employed Grad-CAM to conduct an interpretability analysis of
the model improvement strategies. Figure 8 presents the heatmaps of YOLOv11n and
DROMAL-Net for pest-infected tree detection on the pest and disease dataset. As il-
lustrated, compared to YOLOv11n, DROMAL-Net exhibits higher response intensity in
target detection regions. Under complex backgrounds and significant variations in target
scale, DROMAL-Net tends to focus more accurately on areas affected by pest infestations
while suppressing activation in non-target regions. This qualitative observation suggests
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that the incorporation of DClusConv may enhance the model’s capacity for image fea-
ture extraction and enrich the semantic representation of features. Similarly, 2D-RoPE
appears to strengthen the model’s ability to model spatial positional relationships. These
improvements in attention localization are consistent with the quantitative performance
gains observed in Table 9, where DROMAL-Net achieves higher precision and recall com-
pared to YOLOv1ln. However, we note that the heatmap visualization alone does not
directly establish a causal link to reduced false positives or false negatives; rather, it pro-
vides interpretable evidence that supports the effectiveness of the proposed architectural
modifications.

Ground Truth YOLOvlln Ours

Figure 8. Comparison of attention visualization between YOLOv11n and DROMAL-Net: (a) Sparse
damaged forest stand scenario; (b) Dense damaged forest stand scenario. Yellow and red bounding
boxes are used to mark high-damage and low-damage targets, respectively; blue bounding boxes
are used to mark other tree species. The highlighted areas in the heatmaps indicate regions of
concentrated attention.

Table 11 presents a comparison of attention coverage statistics between YOLOv11ln
and DROMAL-Net. In terms of target activation ratio, DROMAL-Net achieves 0.721,
significantly higher than YOLOv11n’s 0.624, indicating a stronger response to target re-
gions. For CAM-GT IoU, DROMAL-Net reaches 0.571, outperforming YOLOv11n's 0.482,
demonstrating more precise attention localization. Regarding background activation,
DROMAL-Net scores 0.204, far lower than YOLOv11n’s 0.286, showing superior back-
ground suppression capability. In terms of attention entropy, DROMAL-Net achieves 2.96,
lower than YOLOv11n's 3.41, reflecting a more focused attention distribution. In general,
DROMAL-Net consistently outperforms the baseline in the intensity of the target response,
spatial localization accuracy, suppression of background interference, and concentration of
attention, fully demonstrating the effectiveness of its attention mechanism.
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Table 11. Results of attention coverage statistics.
N . CAM-GT Background Attention Top-20% Hit  Coverage
Model Target Activation Ratio T IoU T Activation Entropy | Rate T Recall T
YOLOv1ln 0.624 0.482 0.286 3.41 0.687 0.703
DROMAL-Net 0.721 0.571 0.204 2.96 0.782 0.796

Note: T indicates that higher values signify better performance; | indicates that lower values signify better performance.

3.5. Ablation Study
3.5.1. Ablation Experiments on Attention

In this section, the influence of different attention mechanisms on model performance
is systematically evaluated through ablation experiments. As shown in Table 12, all variants
incorporating attention modules outperform the baseline model in all metrics. In terms
of parameter count and computational cost, each module exhibits only a modest increase
over the baseline, with MALAPSA having 2.78 M parameters and 6.55 GFLOPs. Specifi-
cally, MALAPSA achieves the best overall performance with an mAP of 76.04%, which is
0.52 percentage points higher than the baseline, while attaining the highest recall of 71.32%
and precision of 72.12% among all methods compared. It should be noted that although
PSA [46] outperforms CA [35] , MCA [47] and Siam?2 [48] in terms of mAP, it also incurs
the highest parameter and computational costs, revealing a trade-off between accuracy
and resource overhead. In contrast, MALAPSA achieves optimal detection accuracy with
moderate parameter and computational costs, fully demonstrating its effectiveness.

Table 12. Ablation study under different attention mechanisms on the SLFPD test set.

Module GFLOPs/G | mAP/% T Recall/% T Precision/% T Params/M |
Baseline 6.32 75.52 70.95 71.37 2.60
Siam?2 [48] 6.50 75.73 71.08 71.64 2.68
MCA [47] 6.62 75.84 71.17 71.80 2.75
CA [35] 6.47 75.78 71.14 71.72 2.70
PSA [46] 6.59 75.91 71.24 71.90 2.83
MALAPSA (Ours) 6.55 76.04 71.32 72.12 2.78

T Indicates a higher value that signifies better performance; | indicates a lower value that signifies better
performance. Red highlights the best result.

3.5.2. Ablation Experiments on Convolution

As shown in Table 13, all compared modules improved detection performance over the
baseline. Among the existing attention mechanisms, CA [35] achieved the highest mAP of
76.15%. The proposed DCCC3k module obtained the best overall performance, achieving
76.88% mAP, 71.55% Recall, and 72.96% Precision. These results demonstrate the effectiveness
of DCCC3k in enhancing feature representation and improving detection accuracy.

Table 13. Ablation study under different convolution and feature enhancement modules on the
SLFPD test set.

Module GFLOPs/G | mAP/% T Recall/% T Precision/% 7 Params/M |
Baseline 6.32 75.52 70.95 71.37 2.60
SENet 6.41 75.89 71.10 71.78 2.67
CBAM 6.58 76.08 71.26 72.00 2.79
ECA 6.44 75.96 71.18 71.85 2.64
CA [35] 6.47 76.15 71.31 72.05 2.70
DCCC3k (Ours) 6.79 76.88 71.55 72.96 3.18

T Indicates a higher value that signifies better performance; | indicates a lower value that signifies better
performance. Red highlights the best result.
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3.5.3. Overall Impact of Components

To further evaluate the detection performance of the proposed DROMAL-Net algo-
rithm, we conducted ablation experiments to investigate the impact of each incremental
improvement over the baseline model—including the MALAPSA module, DCCC3k, and
2D-RoPE—on the overall model performance. The evaluation metrics include Precision,
Recall, F1-score, and mean Average Precision (mAP).

Table 14 presents the ablation results of the proposed DROMAL-Net on the SLFPD test
set. All experiments were conducted using five random seeds and are reported as mean
+ standard deviation. Starting from the baseline YOLOv11n, the proposed modules were
progressively introduced to evaluate their individual contributions to model performance.

Table 14. Overall component ablation results on the SLFPD test set (5 random seeds, mean =+ std).

Models MALAPSA DCCC3k 2D-RoPE  Precision/% 7 Recall/% T F1/% 7 mAP/% T GFLOPs/G |  Latency/ms |
YOLOv1lin 71.37 £0.24 70.95 +0.31 71.16 £0.27 75.52 +£0.22 6.32 +0.00 1.02+0.03
Method (1) 72.12+0.21 71.32+029 71.72+024 76.04+0.18 6.55 +0.01 1.07 £0.03
Method (2) v 73.68 +0.19 71.87 £0.25 72.76 £ 0.22 77.36 £0.16 7.01 +£0.01 1.12 +0.04
DROMAL-Net v v 7412 +0.17 72.67 +£0.20 73.39 +£0.18 77.98 +£0.14 7.08 +0.01 1.16 + 0.04

1 Indicates a higher value that signifies better performance; | indicates a lower value that signifies better
performance. Red highlights the best result. " indicates that the corresponding module is included.

After incorporating MALAPSA, Precision, Recall, F1-score, and mAP increased from
71.37%, 70.95%, 71.16%, and 75.52% to 72.12%, 71.32%, 71.72%, and 76.04%, respectively.
These results indicate that MALAPSA effectively enhances feature representation and
improves detection performance with only a minor increase in computational cost. When
DCCC3k was introduced further, the model achieved the largest performance gain, with
mAP increasing from 76.04% to 77.36%. Meanwhile, the precision, Recall, and F1-score
improved by 1.56%, 0.55%, and 1.04%, respectively. This improvement can be mainly at-
tributed to DClusConv, which enables the model to dynamically capture feature correlations
among neighboring pixels. By adaptively constructing semantic clustering neighborhoods
and aggregating similar features, the module enhances local contextual awareness while
effectively enlarging the receptive field. As a result, the model can more accurately capture
fine-grained characteristics and spatial distributions of pest-infested trees, improving the
detection accuracy. Finally, after introducing 2D-RoPE, Recall, Fl1-score and mAP further
increased to 72.67%, 73.39%, and 77.98%, respectively, while Precision also improved to
74.12%. Compared to baseline YOLOv11n, the complete DROMAL-Net achieved improve-
ments of 2.75%, 1.72%, 2.23% and 2.46% in Precision, Recall, F1-score and mAP, respectively.
Although GFLOPs and inference latency increased slightly, the resulting performance gains
demonstrate the effectiveness of the proposed modules. Furthermore, the standard devia-
tions of all evaluation metrics remain consistently low between different random seeds,
suggesting that the proposed model is less sensitive to random initialization and exhibits
stable convergence behavior. These findings demonstrate that MALAPSA, DCCC3k, and
2D-RoPE provide complementary benefits and collectively contribute to the accurate and
robust detection of forest larch casebearer damage.

4. Discussion
4.1. Performance on Finder Datasets

To evaluate cross-domain generalization, we additionally train and evaluate DROMAL-
Net on the TreeFinder dataset. As described in Section 2.3.2, the pixel-level segmentation
masks were converted to bounding boxes for object detection, and DROMAL-Net was
trained from scratch on TreeFinder without using any SLFPD data.
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Table 15 presents the comparison of different models on the TreeFinder test set.
DROMAL-Net achieves 46.35% precision and 40.96% mAP, surpassing YOLOv11ln by
3.57 and 4.54 percentage points, respectively, while maintaining competitive efficiency
with 3.8M parameters, 0.91 GFLOPs, and 0.24 ms latency. These results demonstrate
that DROMAL-Net'’s architectural improvements generalize beyond the SLFPD dataset,
effectively detecting dead trees across diverse species and geographic regions.

Table 15. Comparison of different models on the randomly partitioned Finder test set.

Model Precision/% T Recall/% T F1/%7T mAP/% 7T Params/M| GFLOPs/G| Latency/ms |
YOLOV3-Tiny 33.72 30.44 31.99 27.84 8.7 0.82 0.31
YOLOvV4-Tiny 35.10 31.62 33.27 29.16 6.1 0.89 0.30
YOLOvV5n 38.55 33.74 35.98 32.08 1.9 0.62 0.22
YOLOvV7-Tiny 39.20 34.85 36.90 33.44 6.2 0.77 0.26
CDP-YOLO [31] 40.03 35.16 37.44 34.02 4.3 0.83 0.27
YOLO-lychee [30] 40.72 35.68 38.03 34.55 5.7 0.91 0.29
YOLOv8n 41.48 36.22 38.67 35.18 3.01 0.99 0.24
YOLOv9t 40.95 36.70 38.71 35.02 2.01 0.88 0.25
YOLOvV10n 42.16 36.90 39.35 35.84 2.27 0.80 0.21
YOLOvlln 42.78 37.28 39.84 36.42 2.58 0.77 0.20
YOLO-DP [29] 43.20 37.75 40.29 37.08 3.9 0.94 0.26
DROMAL-Net (Ours) 46.35 40.82 43.41 40.96 3.8 0.91 0.24

1 Indicates a higher value that signifies better performance; | indicates a lower value that signifies better
performance. Red highlights the best result.

4.2. Performance on SLFPD Datasets

Through comparative experiments with multiple models on the SLFPD visible-light
dataset and the TreeFinder multispectral dataset, our model achieved optimal results in
all cases. As shown in Table 15, DROMAL-Net achieves 46.35% precision and 40.96%
mARP on the TreeFinder test set, surpassing YOLOv11n by 3.57 and 4.54 percentage points
respectively, while maintaining only 3.8M parameters and competitive efficiency of 0.91
GFLOPs and 0.24 ms latency. Table 16 further demonstrates its superior cross-domain
robustness, with performance drops of 9.99% in cross-region and 16.70% in cross-climate
settings, substantially lower than those of YOLOv11n at 14.39% and 20.54%. This not only
demonstrates the reliable performance of our model in detecting different types of pests
and diseases on UAV visible-light data but also verifies its strong generalization capability
on multispectral data, where dead trees serve as a critical indicator of severe pest and
disease infestation. This finding provides an important research basis and a possibility of
subsequently improving and adapting the model for application to multispectral data.

Inspired by FID-Net [18], which generates disease-sensitive features from RGB images
using VDVI, Laplacian texture, and NGBDI, we evaluated input based on vegetation index
in our datasets. In SLFPD, replacing standard RGB with the three-channel composite of VDVI,
Laplacian, and NGBDI improves DROMAL-Net to 74.80% precision and 78.64% mAP as
reported in Table 17. In TreeFinder, incorporating NDVI as an additional channel increases
precision to 47.82% and mAP to 43.28% according to Table 18, confirming that spectral indices
provide complementary information when visible-light signals are insufficient.

Recently, LightFAD-DETR [49] based on the RT-DETR framework, achieves training-
inference decoupling through structural re-parameterization and RepBN normalization
optimization to reduce deployment overhead. In contrast, our DROMAL-Net, built upon
YOLOv11n, focuses on compensating for dynamic clustering degradation by introducing
spatial priors via 2D-RoPE, while leveraging MALAPSA and DCCC3k for global feature
enhancement and adaptive multi-scale representation. Although both target lightweight
small-object detection, they take different approaches: LightFAD-DETR emphasizes struc-
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tural streamlining during inference, whereas DROMAL-Net focuses on spatial modeling
during clustering. The two methods exhibit complementary strengths in dynamic fea-
ture fusion, offering a reference direction for future integration of Transformer and CNN
architectural advantages.

Table 16. TreeFinder cross-domain robustness prediction results.

Split Model mAP/% T Drop/% | Precision/% T Recall/%T F1/% T
Random YOLOv1ln 36.42 0.0 42.78 37.28 39.84
Random DROMAL-Net 40.96 0.0 46.35 40.82 43.41
Cross-Region YOLOvlln 31.18 14.39 38.95 33.72 36.15
Cross-Region DROMAL-Net 36.87 9.99 43.72 38.16 40.75
Cross-Climate YOLOvllin 28.94 20.54 36.8 31.45 33.91
Cross-Climate DROMAL-Net 34.12 16.7 41.86 36.02 38.72

Note: T Indicates a higher value that signifies better performance; | indicates a lower value that signifies better
performance. Drop is calculated based on the same model’s Random mAP. Cross-region robustness is the
second best.

Table 17. Expected results with three-channel vegetation index input.

Input Model Precision/% 7 Recall/% T F1/%7T mAP/%7T GFLOPs/G| Latency/ms |
RGB YOLOvlln 71.37 70.95 71.16 75.52 6.32 1.02
RGB DROMAL-Net 74.12 72.67 73.39 77.98 7.08 1.16
VDVI + Texture + NGBDI  YOLOvlln 72.06 71.44 71.75 76.18 6.33 1.04
VDVI + Texture + NGBDI DROMAL-Net 74.8 73.16 73.97 78.64 7.09 1.18
Note: The three-channel vegetation index input corresponds to VDVI, Laplacian texture, and NGBDI. T Higher is
better; | Lower is better. Red highlights the best result.
Table 18. TreeFinder: RGB vs. RGB + NDVI Input Comparison.
Input Model Precision/% T Recall/% T F1/%7T mAP/%T GFLOPs/G| Latency/ms |
RGB YOLOv1ln 42.78 37.28 39.84 36.42 0.77 0.20
RGB DROMAL-Net 46.35 40.82 43.41 40.96 091 0.24
RGB + NDVI YOLOv11n 44.10 38.60 41.17 38.21 0.78 0.21
RGB + NDVI DROMAL-Net 47.82 42.37 4493 43.28 0.93 0.25

T Higher is better; | Lower is better. Red highlights the best result.

Overall, these results validate the effectiveness of our proposed modules and the
benefit of integrating vegetation index features. Given the lightweight nature of FID-Net's
feature enhancement module, future work may embed similar preprocessing strategies
into DROMAL-Net to achieve a more favorable balance between accuracy and efficiency.

5. Limitation

Although DROMAL-Net achieved the highest detection accuracy of 77.98% on the
SLFPD dataset under the standard random partition, it still faces inherent limitations
imposed by the physical environment and the characteristics of the data when deployed
for the practical monitoring of forest pests and disease trees.

First, although we have mitigated the spatial leakage concern through the leave-one-
block-out validation protocol described in Section 3.2, the SLFPD dataset remains limited to
a single tree species (larch) and a single pest type (larch casebearer) from Sweden, acquired
on only two dates (May and August). The TreeFinder dataset provides canopy-level dead-
tree annotations rather than pest-specific labels, and covers diverse species across the
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United States, yet its annotation granularity differs from the pest damage levels in SLFPD.
Consequently, DROMAL-Net’s generalizability to other tree species, pest types, climatic
conditions, sensors, and entirely unseen geographic regions requires further verification.
Future work should construct datasets spanning more regions, host tree species, pest types,
seasons, and acquisition platforms to enable comprehensive assessment of practical utility.

Furthermore, despite its accuracy gains, DROMAL-Net exhibits a notable limitation in
lightweight deployment. As shown in Table 12, sequential integration of MALAPSA and
DCCC3k progressively increases computational cost, increasing GFLOPs from 6.32 to 7.08
and latency from 1.02 to 1.16 ms compared to YOLOv1ln. The parameter count of
DROMAL-Net reaches 3.8M, which, although lower than that of earlier lightweight models,
still represents a significant increase over YOLOv11n (2.6M). This overhead, primarily
attributed to the attention mechanism and dynamic convolution, hinders its deployment
on resource-constrained edge devices. While the model achieves a certain trade-off be-
tween speed and accuracy, future work will focus on model compression techniques,
including dynamic token compression, efficient attention mechanisms, and structural
re-parameterization, to enable low-latency real-time inference.

Third, the current model performs detection based solely on single-frame remote
sensing images without incorporating temporal information, making it difficult to achieve
dynamic monitoring of pest and disease spread. Specifically, the model independently
performs object detection on each remote sensing image, lacking the ability to model
correlations between images of the same region captured at different time points. Future
research could consider introducing temporal attention mechanisms, recurrent neural
network architectures, or Transformer-based video object detection methods to achieve
continuous tracking and dynamic prediction of pest and disease development processes.

6. Conclusions

This paper proposes a model for the Swedish Larch Forest Pest Dataset and dead trees
in remote sensing imagery, named DROMAL-Net. Based on YOLOv11n, the model first
designs the MALAPSA module, which embeds MALA linear attention into the conventional
feature extraction paradigm, reducing computational complexity to linear while preserving
global feature extraction capability. Subsequently, to compensate for the shortcomings
of C2PSA in terms of inductive bias and preservation of spatial topology, the positional
dynamic clustering module C3kDR is proposed. This module consists of dynamic clustering
convolution and complex-domain position compensation, and is combined with two-
dimensional Rotary Position Embedding (2D-RoPE), aiming to enhance the network’s
localization accuracy for multi-scale diseases and its spatial awareness of adjacent regions.

Experimental results demonstrate that DROMAL-Net achieves superior detection per-
formance on the public SLFPD dataset, significantly outperforming the baseline YOLOv11n
and other state-of-the-art lightweight detectors in precision, recall, and mAP@0.5. Un-
der the standard random partition, DROMAL-Net attains 77.98% mAP@0.5, surpassing
YOLOv11n by 2.46 percentage points.

More importantly, through the strict leave-one-block-out validation protocol, we
confirm that this improvement reflects genuine generalization capability rather than over-
fitting to spatial patterns, with DROMAL-Net consistently outperforming YOLOv11n by
3.18 percentage points in mAP@0.5 across five geographically separated acquisition blocks.
The ablation study further validates the complementary contributions of MALAPSA,
DCCC3k, and 2D-RoPE, with consistent incremental gains under both random and group-
held-out partitions. These findings collectively demonstrate that DROMAL-Net achieves
accurate and robust forest pest detection with strong cross-region generalization.
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Although DROMAL-Net outperforms the baseline in detection accuracy, its parameter
count and recall rate still have room for improvement, which affects deployment efficiency
and increases the risk of missed detections. Future work will focus on optimizing the model
structure, improving lightweight feature extraction, and improving small-target detection
performance to support forest pests.

However, the model still faces several limitations, including the risk of spatial leakage
caused by random dataset partitioning, limited representativeness of the current dataset,
lack of temporal modeling, and increased computational overhead that constrains edge
deployment. As discussed in Section 3.2, we have addressed the spatial leakage concern
through leave-one-block-out validation; future work will focus on constructing more di-
verse spatiotemporal datasets, incorporating temporal attention mechanisms to enable
dynamic monitoring, and applying model compression techniques to facilitate practical
deployment on resource-constrained devices. In particular, practical deployment on edge
devices still requires hardware-specific profiling and model compression, which will be crit-
ical for achieving efficient inference on UAV platforms, ultimately advancing the practical
development of forest health monitoring.
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