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Learning Geometric-Aware and Weather-Adaptive
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Abstract—Reliable road condition detection using drone im-
agery is critically important, particularly under harsh weather
conditions such as rain, fog, and snow, which cause reduced
visibility and blurred objects. Traditional detection methods
are limited in effectively handling these severe scenarios due
to their static feature extraction approaches. To address these
challenges, we propose an innovative affine lie group con-
volution and weather-adaptive feature enhancement network
(ALGC-WFEMNet). The core innovation of this method lies
in the affine lie group convolution (ALGC), which leverages
the mathematical framework of affine lie groups to introduce
a dynamic convolution mechanism. This mechanism adaptively
modifies convolution kernels based on affine transformations,
significantly enhancing the model’s robustness against weather-
induced variations in scale, rotation, and visibility. Further-
more, the ALGC framework integrates a learning-based weather
condition coefficient, dynamically adjusting kernel responses to
specific environmental conditions such as rain, fog, and snow. This
theoretical advancement not only emphasizes the mathematical
novelty of applying affine lie groups in convolutional neural
networks but also substantially improves feature extraction and
adaptability for object detection tasks. Experimental validation
on UAV-based road inspection datasets demonstrates that our
ALGC-WFEMNet achieves a mean average precision (mAP) of
60.48%. Furthermore, we deploy the model within a UAV-IoT
system to verify its practical effectiveness, achieving an inference
time of 23.31 seconds on a Raspberry Pi.

Index Terms—remote sensing, UAYV, object detection, Lie
Group, harsh weather

Remote Sensing Object Detection (RSOD) is essential
for applications such as environmental monitoring, military
surveillance, and urban management. In drone-based aerial
imaging, however, detection accuracy often degrades under
adverse weather. Rain, haze, turbulence, and low illumination
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Fig. 1. Visual comparison of feature attribution under adverse weather.
(a) Input UAV RGB images captured in rain, fog and snow. (b) Baseline
model (Cascade R-CNN + MobileSAM) heatmaps, showing dispersed and
background-prone attention. (c) ALGC-WFEMNet heatmaps, highlighting
improved focus on semantic targets and suppression of background noise.

obscure object geometry and weaken key cues such as con-
tours, textures, and color contrast, causing object shapes to
blend into the background. These degradations introduce not
only appearance noise but also geometric distortion, making
it difficult for conventional detectors to maintain stable per-
formance. In scenarios such as highway vehicle monitoring,
for example, wet surfaces or low visibility can alter object
boundaries and suppress structural cues, which undermines
both recognition and localization. These effects highlight a
fundamental challenge: weather-induced degradations and ge-
ometric variations interact closely, yet most existing methods
treat them in isolation. A unified modeling framework that
jointly accounts for geometric transformations and weather-
related feature degradation is therefore critical for achieving
robust object detection in real-world remote sensing environ-
ments.

Detecting small objects, such as vehicles on highways, in
remote sensing images presents an additional challenge: the
objects occupy only a small number of pixels, and their feature
responses are weak, particularly in complex backgrounds. This
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issue is especially pronounced in aerial images of multi-
lane highways. Feature Pyramid Networks (FPNs), which are
widely used in object detection, address the challenge of scale
variation by constructing multi-level feature pyramids using
deep neural networks. FPNs combine high-resolution detail
information with low-resolution global context through top-
down feature fusion and lateral connections, making them
effective for detecting both large objects near the camera and
small, distant objects, such as vehicles on highways.

In adverse weather conditions, as illustrated in Figure [I]
traditional feature extractors often struggle to distinguish fore-
ground targets from cluttered or low-contrast backgrounds.
To address the limitations of conventional multi-scale fusion
under such conditions, we propose an innovative affine lie
group convolution and weather-adaptive feature enhancement
network (ALGC-WFEMNet), a novel architecture specifically
designed for UAV-based object detection in adverse weather.
This framework enhances the representational power of the
Feature Pyramid Network (FPN) through the integration of
Affine Lie Group Convolution (ALGC) in its feature fusion
layers, enabling better modeling of geometric variations and
improving sensitivity to small and ambiguous targets. Fur-
thermore, we introduce the Weather-Adaptive Feature En-
hancement Module (WFEM), which dynamically amplifies
inter-channel feature distinctions and restores spatial-semantic
relationships disrupted by environmental interference. By pro-
viding adaptive priors to the ALGC module, WFEM ensures
more reliable feature modulation in scenarios involving haze,
rain, or non-uniform lighting, ultimately boosting detection
robustness and accuracy.

Our contributions are summarized as follows:

o We construct a custom dataset for drone-based highway
object detection under adverse weather conditions. To ad-
dress the challenges of object detection in harsh weather
environments, we develop a large-scale, high-quality
dataset specifically tailored for drone-based highway sce-
narios. This dataset includes diverse weather conditions
such as rain, snow, and fog, and features a wide range
of vehicle types and scales. The dataset is meticulously
annotated to ensure accuracy and consistency, providing
a robust foundation for training and evaluating object
detection models under adverse weather conditions.

o We propose a novel FPN structure specifically designed
for drone-based road detection in harsh weather. Our
ALGC-WFEMNet framework introduces significant im-
provements to the traditional FPN by incorporating mod-
ules specifically designed to address the challenges posed
by adverse weather. This novel structure enhances the
network’s ability to capture multi-scale information and
adapt to the unique characteristics of drone-based road
imagery, making it particularly effective for detecting
objects in complex and dynamic environments.

e We introduce a novel convolution operator, Affine
Lie Group Convolution (ALGC), which explicitly in-
tegrates affine transformations into convolutional oper-
ations through Lie group theory. The ALGC module
dynamically predicts affine transformation parameters di-
rectly from input features, enabling the model to robustly

adapt to variations in object scale, rotation, and orienta-
tion caused by adverse weather conditions such as fog,
rain, and snow. By leveraging geometric transformations
explicitly encoded through Lie algebra exponential map-
pings, ALGC significantly improves the model’s ability
to detect objects accurately and reliably, even when
visibility is severely impaired or objects appear distorted
due to environmental challenges.

o« We propose a lightweight module, WFEM, which re-
quires minimal additional computation and memory, to
highlight pixel-level feature relationships, reduce noise,
and improve robustness against adverse weather. WFEM
leverages a dual-branch structure to modulate feature
maps at the pixel level, effectively suppressing noise
and enhancing discriminative features. This lightweight
module is computationally efficient and memory-friendly,
making it suitable for real-time applications. By improv-
ing the clarity and robustness of feature representations,
WEFEM ensures reliable object detection performance in
a wide range of adverse weather scenarios.

I. RELATED WORK

Recently, there have been many developments in lightweight
object detection work. This section briefly reviews the work
of existing lightweight remote sensing object detection and
binarized neural networks used for general object detection.

A. Remote sensing Object Detection

Early research on RSOD relied heavily on single-scale
feature maps produced by the final backbone layer. Although
simple, these representations were unable to cope with the
wide range of object scales found in remote sensing im-
ages [1]-[3)]. This limitation gradually pushed the community
toward multi-scale feature learning, and related studies have
mainly followed three interconnected directions: multi-level
feature fusion, pyramid feature hierarchies, and feature pyra-
mid networks.

The first line of work seeks to fuse features from differ-
ent depths to obtain a richer representation. Shallow layers
preserve spatial details such as edges and textures, whereas
deeper layers contain more abstract semantic cues. By com-
bining them, the fused representation becomes more suitable
for detecting objects of diverse sizes. Representative efforts
include hierarchical fusion of multiple convolutional levels [4],
normalization-based fusion strategies to reduce scale mismatch
across layers [5]], and the construction of multi-receptive-field
features using atrous separable convolutions within a single
layer [6]], [7]. These works established the foundation for inte-
grating complementary information across layers. The second
direction explores the idea of independently detecting objects
at different feature levels. This perspective was popularized
by SSD [8], which arranges prediction heads at multiple
depths so that small objects are handled by high-resolution
layers while larger ones are addressed by deeper layers.
Variants designed for remote sensing have further enhanced
this paradigm. Examples include the addition of dedicated
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branches for small vehicles [9], scale-invariant regression lay-
ers that jointly supervise multiple depths [10], and hierarchical
filtering modules using multi-size kernels to extract multi-
receptive-field features [11]. These methods reinforced the
idea that scale diversity can be explicitly handled by dis-
tributing predictions across layers. The third direction evolves
from the observation that multi-layer predictions alone cannot
fully exploit the complementary nature of shallow and deep
features. Feature Pyramid Networks (FPN) [12] introduced a
top—down pathway to strengthen the semantic content of high-
resolution features, and this architecture has since become
a central component in multi-scale modeling. Subsequent
studies refined the framework by improving its suitability for
remote sensing scenes: asymmetric convolutional structures
were introduced to capture elongated objects such as bridges
and runways [13]], high-frequency details were injected to
preserve structural cues [14], and bidirectional fusion schemes
were developed to compensate for semantic loss during long-
distance propagation within deep backbones. Layer-wise atten-
tion mechanisms further enhanced fusion quality by learning
the relative importance of different levels [[15].

Although these multi-scale strategies have substantially im-
proved detection accuracy, their adaptability is still limited
when faced with adverse weather, occlusion, noise, or ex-
tremely unbalanced object scales. To address these issues,
we introduce an Affine Lie Group Convolution (ALGC)
module. ALGC incorporates affine geometric priors together
with environment-aware modulation, enabling the convolution
kernels to adapt to contextual variations while retaining spatial
structures and semantic cues. As demonstrated in our exper-
iments, this design significantly enhances model robustness
and detection reliability across challenging remote sensing
environments [16].

B. Object Detection in Inclement Weather Conditions

Object detection in adverse weather conditions presents a
critical challenge for autonomous driving systems, as environ-
mental factors such as fog, rain, snow, and low-light conditions
can significantly degrade detection accuracy and robustness.
These challenges have spurred substantial research focused
on mitigating visibility degradation, sensor noise, and domain
shifts. Existing methods can be broadly categorized into four
main strategies: model architecture improvements, uncertainty
estimation, image enhancement, and domain adaptation.

Model architecture improvements focus on enhancing detec-
tion frameworks to better handle adverse weather. For instance,
anchor-free designs and decoupled detection heads have been
integrated into YOLOv4 to improve multi-scale detection
accuracy and speed [17]], [18]]. Similarly, dual-subnet networks
(e.g., DSNet) combine visibility enhancement with object
detection to improve performance in foggy conditions [19].
YOLOvVS5-based models have also been optimized for diverse
weather scenarios, incorporating advanced modules like Trans-
formers and CBAM to enhance feature extraction [20], [21]].
However, these methods often rely on specific architectural
modifications tailored to certain weather conditions, limit-
ing their generalizability across diverse and extreme weather

scenarios. Uncertainty estimation methods, such as Bayesian
approaches, assess prediction reliability under adverse con-
ditions [22]. These models introduce metrics like anomaly
detection ratios to evaluate detection confidence, particularly in
scenarios such as nighttime driving or snow. While effective in
quantifying uncertainty, these methods do not directly address
the degradation of input data quality, which is essential for
robust detection performance. Image enhancement techniques
aim to improve the quality of input data for better detection.
Methods like color-level shift compensation [21]] and image-
adaptive YOLO (IA-YOLO) [23] adaptively enhance images
to improve clarity and detection performance. Additionally,
polarization imaging has been explored to leverage multi-
dimensional information for improved detection accuracy un-
der adverse weather [24]]. However, these methods often focus
on specific weather conditions (e.g., fog or low light) and
require additional computational resources or specialized sen-
sors, limiting their scalability and applicability in real-world
scenarios. Domain adaptation strategies address the domain
gap between clear and adverse weather images. For example,
unsupervised domain adaptation frameworks decompose the
domain gap into style and weather factors, using attention
modules and contrastive learning to improve robustness [25]].
While these methods effectively handle domain shifts, they
often require extensive training on diverse datasets and do not
fully exploit the complementary information across different
weather conditions.

Despite these advancements, existing methods often target
specific weather conditions or challenges, such as fog or
domain shifts, without providing a unified solution for di-
verse and extreme scenarios. Furthermore, their computational
complexity and reliance on specialized sensors (e.g., polariza-
tion imaging) limit scalability and real-time applicability. To
overcome these limitations, we propose the Weather-Adaptive
Feature Enhancement Module (WFEM), which improves de-
tection performance under various adverse weather conditions
by leveraging dynamic feature fusion, weather-aware adjust-
ment, and multi-scale adaptation strategies [26]], [27], [28]].

II. ALGC-WFEMNET

In this section, we provide a detailed description of our
ALGC-WFEMNet (as shown in Figure [2). For clarity, the
abbreviations appearing in Fig. 2 follow the module naming
in our framework, where BTNK denotes the bottleneck block,
WEFEM refers to the Weather-Adaptive Feature Enhancement
Module, and ALGC represents the proposed Affine Lie Group
Convolution. All of our improvements are implemented on
the FPN. We introduce our ALGC-WFEMNet, which is de-
signed to capture the rich multi-scale information within the
FPN. Subsequently, we describe our Weather-Adaptive Fea-
ture Enhancement Module (WFEM), a method that removes
redundant information and enhances the model’s resistance to
interference.

A. Baseline: Cascade R-CNN and MobileSAM

Cascade R-CNN and MobileSAM have emerged as promi-
nent baseline methods in contemporary object detection re-
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search due to their effectiveness and efficiency [29]. In partic-
ular, Cascade R-CNN serves as a strong high-accuracy bench-
mark for evaluating improvements in multi-scale geometric
modeling, which is essential in adverse-weather UAV imagery.
Cascade R-CNN, built upon the DETR framework, introduces
innovative improvements such as denoising training and con-
trastive queries, effectively enhancing detection accuracy and
convergence speed, especially in complex scenes with dense
object distributions [30]. Its transformer-based architecture
naturally captures global contextual relationships, significantly
boosting detection robustness across varied scenarios.

On the other hand, MobileSAM, a streamlined and
lightweight variant derived from the Segment Anything
Model (SAM), provides superior segmentation capabilities
tailored explicitly for mobile and resource-constrained envi-
ronments [31]. Because MobileSAM excels at generating clean
and reliable region boundaries even with limited computa-
tion, it offers an ideal segmentation prior for analyzing how
weather-induced degradations influence boundary integrity and
object spatial coherence. Despite its compactness, MobileSAM
maintains commendable segmentation quality, facilitating ac-
curate boundary delineation and region proposal generation
with considerably reduced computational overhead [32f]. Its
efficiency also aligns with real UAV deployment settings,
where on-board resources and real-time constraints limit the
feasibility of heavier segmentation pipelines.

By combining Cascade R-CNN’s refined object localization
ability with MobileSAM’s efficient segmentation approach,
these methods serve as strong baselines, demonstrating high
potential for real-world deployment in object detection tasks,
particularly when computational resources and inference la-
tency pose critical constraints. Together, they provide com-
plementary viewpoints, one emphasizing high-precision geo-
metric reasoning and the other emphasizing weather-sensitive
boundary cues, allowing a more comprehensive validation of
our proposed approach.

B. Lie Group SO(2) and Its Potential in Convolutional Archi-
fectures.

The special orthogonal group SO(2) represents all two-
dimensional rotations that preserve the origin and the Eu-
clidean norm. Formally, it is defined as

SOQ):{RW):[

where each R(6) is a 2 x 2 real orthogonal matrix with
determinant equal to one. The group SO(2) is continuous,
compact, and forms a one-dimensional Lie group, with group
operation defined by matrix multiplication.

Integrating the structure of SO(2) into convolutional neu-
ral networks offers a promising way to achieve rotation-
equivariant representations. Conventional convolutions are nat-
urally equivariant to translations but not to rotations, which
can lead to performance degradation when objects appear at
arbitrary orientations. By embedding SO(2) symmetry into the
design of convolutional layers, such as through group convo-
lutions or Lie group parameterizations, models can become

—siné
cos

cos
sin 6

}‘aemﬂm}j(n

intrinsically sensitive to rotated patterns without requiring
extensive data augmentation. This design enhances robustness
and data efficiency, especially in vision tasks where rotational
variability is common, including remote sensing, medical
imaging, and autonomous navigation.

C. Affine Lie Group Convolution (ALGC)

Adverse weather conditions such as rain, fog, and snow
introduce complex geometric and photometric distortions to
aerial imagery, which severely compromise the robustness of
standard convolutional neural networks (CNNs). In particular,
scale variance, rotation, and partial occlusions break the spatial
stationarity assumption underlying traditional convolution op-
erations, leading to degraded feature extraction and weakened
generalization.

To overcome this, we introduce a novel Affine Lie Group
Convolution (ALGC) module, which explicitly incorporates
the mathematical structure of affine transformations into con-
volutional feature extraction. By embedding affine Lie group
actions into the convolution process, ALGC enables spatially
adaptive and weather-aware filtering, improving robustness to
geometry-induced feature variation. The core idea is to dy-
namically predict and apply affine transformations on feature
maps before performing spatial convolution, thus endowing
the network with geometric flexibility in feature encoding.

Affine parameter prediction. Given an input feature map
Ty € REBXOXHXW where B, C, H, and W denote the
batch size, number of channels, height, and width respectively,
we first extract a compact global descriptor through spatial
average pooling. This descriptor is then passed through a 1 x 1
convolution layer to regress six affine parameters for each
sample in the batch:

6 = Convy 1 (AvgPool(zj,)) € RE*6 (2)

This lightweight parameterization predicts an affine trans-
formation matrix of the form:

é — |:911 912

013 2%3
eR 3
[ } )

023
which governs scaling, rotation, shear, and translation opera-
tions.

To maintain numerical stability during training and in-
ference, we constrain the predicted values via a hyperbolic
tangent activation, scaled by a small constant factor A:

0=\ -tanh(f), \=0.1 4)

This regularization ensures the predicted affine transfor-
mations remain within a moderate range, avoiding excessive
warping or instability during gradient descent optimization.
The value A = 0.1 was empirically selected to balance
expressiveness and smoothness of the spatial transformation.

After normalization, the parameter vector 6 is reshaped into
a batched affine matrix format:

0 — e REX2x3 (5)
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Fig. 2. The architecture of ALGC-WFEMNet and its key components. (a) The overall structure of ALGC-WFEMNet, where the backbone extracts multi-scale
features (S2, S3, S4, and S5 represent feature extraction stages, where larger values correspond to deeper feature layers with stronger semantic information),
and the proposed FPN blocks (green) enhance feature fusion for robust object detection under adverse weather conditions. (b) The proposed FPN block
integrates the Weather-Adaptive Feature Enhancement Module (WFEM) and Affine Lie Group Convolution (ALGC) to improve feature representation and
adaptability. (c¢) The WFEM module employs a dual-branch structure to modulate features, suppress noise, and enhance robustness against challenging weather

conditions.
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Feature warping via affine group action. With the affine
transformation matrices in hand, we perform a differentiable
spatial warping on the input features. This warping simulates
the geometric action of the affine Lie group Aff(2) on the input
grid domain. Specifically, we generate a normalized sampling
grid G based on the affine parameters:

G = AffineGrid(0), size(xiy ), align_corners=True)  (6)

We then use bilinear interpolation to warp the original
feature map along the learned transformation grid:

Zwarp = GridSample(zin, G, mode = bilinear,
padding_mode = border, (7)

align_corners = True)

this operation aligns distorted objects to canonical geometry,
facilitating consistent feature extraction, compensating for ad-
verse distortions and normalizing the spatial variation caused
by environmental factors.

Convolution over warped features. Once the input has
been transformed via affine warping, we apply a standard k x k
convolution over the geometrically normalized representation:

Tou = ConVi i (Twarp; w, b), k=3 ®)

This final step produces a spatially adaptive feature repre-
sentation that integrates both global semantics and local ge-
ometry, enhancing detection sensitivity to small and distorted
objects in complex weather.

Lie group perspective. The affine transformation matrices
used in ALGC form a subgroup of the general linear group,
and can be viewed as elements of the affine Lie group Aff(2),
which is a six-dimensional, non-compact, non-abelian Lie
group. In principle, any transformation matrix 7" € Aff(2)
can be written as an exponential map from a corresponding
Lie algebra element g € R?*3:

01 012 013
T=exp| (21 02 0Oa3 )]
0 0 0

While our implementation directly regresses the affine pa-
rameters 6 for practical reasons, the underlying formulation
adheres to the geometric structure of Lie groups and enables
potential extensions to more general transformation spaces
(e.g., projective groups or conformal groups). This connection
bridges group-theoretic insights with neural network design,
paving the way for principled equivariant learning under affine
actions.

D. Weather-Adaptive Feature Enhancement Module (WFEM)

Under adverse weather conditions, such as rain, fog, and
snow, the model’s ability to represent local features is signif-
icantly weakened, and higher-order information is lost [33].
This degradation is caused by the challenging environmental
factors, which reduce the clarity and discriminative power of
the extracted features, ultimately impacting detection perfor-
mance [34]]. With this in mind, we propose Weather-Adaptive

Feature Enhancement Module (WFEM), which modulates the
input features to serve the 1 x 1 convolution and adopts the
modulated features through the fusion form.

WFEM is designed as two branches. The first branch is
used to compute modulation coefficients from the input feature
map that acts on the positive half. The second branch directly
modulates the input feature map to suppress the negative half
while keeping the positive half unchanged. Then, the two
branches are merged using the Hadamard product to obtain the
modulation result. For the first branch, the Sigmoid function
with smoother output is chosen. It is vertically shifted, and
its multiplication is expanded to ensure an appropriate range
of modulation coefficients, prevent the original relationship
between feature values from being broken, and enhance the
distinction between different pixels.

ifxfzo

2
mh = { Ltexp(—af) (10)

Lifzf <0

where x¥ represents the i-th pixel point of the feature
map, and k is the channel index of the feature map, and m¥
represents the output of the first branch.

For the second branch, although the convolution results in
a weaker representation of the output feature map, even so,
negative feature values still contain semantic information. For
this reason, we use the elu function with its non-linear fitting
properties to suppress negative feature values in the form of an
exponent on the negative half-axis and keep the feature values
constantly on the positive half-axis.

k _

where z¥ represents the i-th pixel point of the feature
map, and k is the channel index of the feature map, and n¥
represents the output of the second branch. Next, we use the
Hadamard product of the two branches above to fuse the output
features of the two branches, and the fusion process can be
expressed as follows:

zhif 2 >0

exp (zf) —1lifzF <0 (n

2 e ek s
m xn' = mFnF = { I+exp(—aF) v (12)

o exp (zF) —1if 2F <0

m’ and n’ represent the output feature maps of the first and
second branches, respectively.

WFEM demonstrates strong adaptability to various adverse
weather conditions through its dual-branch feature enhance-
ment strategy. In rainy conditions, raindrops and streaks
cause blurring and occlusion, while WFEM’s channel attention
mechanism amplifies high-frequency edge details, suppressing
rain noise and enhancing contours to mitigate blur effects. In
snowy conditions, reduced contrast causes objects to blend
into the background, leading to low-contrast distortion. WFEM
employs a Sigmoid modulation function to enhance feature
contrast and reduce confusion. In foggy conditions, light
scattering and contrast loss blur object boundaries. WFEM ap-
plies global channel weighting to strengthen object responses,
preserving structural integrity. Overall, WFEM dynamically



JOURNAL OF KTEX CLASS FILES, VOL. 13, NO. 9, SEPTEMBER 2014

adjusts feature mappings to counteract feature degradation
under adverse weather conditions.

To compactly express the entire WFEM operation, we for-
mulate it as an element-wise modulation over the input feature
map X € REXCXHXW The dual-branch fusion process is
summarized as:

Y = WEEM(X) = 005(X) © e (X) (13)

where opos(+) is a channel-wise, positively modulated acti-
vation branch defined by:

2 >0
Upos(l') = {11+6XP(I) T =

, 14
r <0 14

and ¢neg(-) is a negative-preserving enhancement branch
defined by:

T x>0

The final enhanced feature Y preserves positive activations
while smoothly suppressing and refining negative regions in a
data-dependent manner. This unified formulation emphasizes
the element-wise, nonlinear modulation behavior of WFEM at
the tensor level, providing a compact yet expressive character-
ization of its functional role in robust feature refinement under
adverse weather conditions.

To further improve the environmental adaptability of the
enhancement process, we extend WFEM by incorporating a
lightweight graph-based context modeling mechanism and a
reinforcement learning-guided modulation policy. This enables
the network to dynamically adjust the feature modulation
strategy according to the spatially variant degradation charac-
teristics induced by different weather conditions. Specifically,
the input feature map X € REXCXHXW iq first divided into N
non-overlapping patches {P1,Ps, ..., Py}, each correspond-
ing to a node in the degradation graph G = (V,&). For each
patch P;, we extract a local degradation descriptor d; € R
capturing low-level cues such as average intensity, local con-
trast variance, gradient entropy, and haze level estimates.

The node descriptors are used to initialize the graph node
embeddings VEO) d;, and a multi-head Graph Attention
Network (GAT) is applied to propagate contextual information
across connected regions. The graph update process is defined
as:

15)

V,EZH) =0 Z aE?W(l)V;l) , (16)
JEN(4)
where a(-l-) is the attention coefficient between nodes 7 and

i
7 in layer [, computed as:

o exp (LeakyReLU(aT [W(l)vgl) I W(l)vy)]))
« =

Y D ken (i) XD (LeakyReLU(a—r WOyl W(l)v,(cl)])>
a7)
and W) a are learnable parameters. The final output z;

VEL) encodes the weather-aware representation of patch .

)

These contextual embeddings are passed into a policy net-
work 7y to predict the adaptive modulation parameters «;, 3;
for the corresponding patch. Formally,

(ai, /i‘) = We(Zi),

where 7y is a shallow MLP trained via reinforcement
learning. The environment state is defined by the degradation
descriptor z;, and the action space consists of continuous-
valued (v, 8) pairs that control the shape of the modulation
functions. The reward signal R; is defined to encourage spatial
consistency, confidence boost, and reduced entropy in the
modulated features:

(18)

Ri = /\1 . AIOU[ocal + )\2 . AConfavg — )\3 . H(YZ‘), (19)

where AloUj,, measures detection improvement in region
i, AConf,y, is the average confidence change before and after
modulation, and H(Y;) denotes the entropy of the enhanced
region.

Using the predicted parameters, we generalize the original
dual-branch modulation to dynamic forms. The positive acti-
vation function becomes:

e 2>
608 (z) = | Ty ¥ =0 20
pos (@) {1 <0 0
and the negative enhancement function becomes:
B =4" v=0 21
Ones (@) {exp(ﬁx) -1 <0 @)

The final enhanced feature map is computed element-wise
as:

Y, = oiiBi

pos

(Xs) © gy (X2), (22)

where X; is the feature patch corresponding to node ¢, and
Y, is its enhanced output. In this way, the original WFEM
formulation is extended into a unified dynamic modulation
framework guided by global weather context and learned
enhancement policies. This design significantly boosts the
robustness of the model against spatially varying visual degra-
dations and enables policy-driven modulation decisions that
are optimized jointly with detection objectives.

III. EXPERIMENTS
A. Datasets

To address the challenges of object detection in adverse
weather conditions, we constructed a comprehensive dataset,
the Inclement-weather UAV-based Multi-class highway dataset
(IMC), consisting of 36,390 aerial images captured using a
DIJI Mavic 3 drone, which is equipped with a high-resolution
camera capable of capturing detailed aerial imagery. The data
collection process was conducted across diverse urban and
suburban environments, including intersections, highways, and
parking lots, to ensure a wide range of traffic scenarios. The
drone was operated at varying altitudes between 50 and 150
meters, balancing spatial coverage and object-level detail.
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To simulate adverse weather conditions, the dataset includes
images captured during natural weather events such as rain and
snow, as well as images augmented with synthetic weather
effects to enhance robustness. The dataset focuses on five
distinct vehicle categories: car, truck, bus, van, and freight car,
ensuring a diverse representation of real-world traffic patterns.
The annotation process was carried out using the open-source
tool labellmg. Each image was manually labeled by a team
of trained annotators to ensure high-quality annotations. The
process involved drawing precise bounding boxes around each
object of interest and assigning one of the five predefined class
labels to each bounding box. To maintain consistency and ac-
curacy, a multi-stage quality control process was implemented,
including cross-validation by multiple annotators and periodic
reviews by senior annotators. The final dataset contains high-
quality annotations with minimal noise, making it suitable for
training and evaluating object detection models under adverse
weather conditions.

Moreover, Fig. [3] shows some typical scenes in the IMC
dataset, which covers a variety of adverse weather scenarios
such as snow, fog, rain, and abnormal lighting conditions.

The dataset was divided into training, validation, and test-
ing subsets to facilitate model development and evaluation.
Specifically, 70% of the images (25,473) were allocated to
the training set, 15% (5,459) to the validation set, and the
remaining 15% (5,458) to the testing set. The division was per-
formed randomly while ensuring that each subset maintained a
similar distribution of weather conditions and object categories
to prevent data imbalance. This dataset provides a valuable
resource for advancing research in adverse weather object
detection, with potential applications in autonomous driving
systems, traffic monitoring, and UAV-based surveillance in
challenging environments.

It is worth noting that in order to evaluate the performance
of the model under different weather conditions, we con-
structed a dataset containing both real and synthetic weather
images. This dataset contains 20,000 real weather images
(captured by drones under actual weather conditions such as
rain, snow, fog, etc.) and 16,390 synthetic weather images
(created using algorithms to simulate various weather effects).
Real images account for 30% of the total dataset, while
synthetic images account for 70%.

To further assess the robustness and generalization ability of
our proposed model under severely degraded visual conditions,
we synthesized an additional set of nighttime rainfall scenarios
with varying precipitation densities. These synthetic scenes
simulate compounded challenges caused by both low-light
environments and dynamic rain streak occlusions, which pose
significant difficulties for conventional detection frameworks.
As illustrated in Fig. 4] the dataset includes three representative
sub-conditions—Ilight, moderate, and heavy rain—capturing
the progressive degradation of visibility and target clarity. By
incorporating this diverse set of rainfall conditions, we aim to
rigorously evaluate the model’s resilience against illumination
variance, motion-induced blur, and multi-scale occlusions,
thereby establishing a comprehensive benchmark for real-
world deployment in adverse weather scenarios.

B. Experiment settings

All experiments were conducted on one NVIDIA RTX 3090
GPU, and model training was based on PyTorch, using the
MMdetection [35]] framework to build the core code. For
the CNN-based detector, we use ResNetl18 [36] as the back-
bone, considering its balance between efficiency and feature
extraction. Compared to MobileNet [37], ResNetl8 retains
residual connections, improving gradient flow and training
stability, making it more suitable for complex weather con-
ditions. ResNet101 is chosen to evaluate deeper architectures,
while PvT [38]] and PoolFormer [39]] serves as a lightweight
transformer-based alternative to reduce the dependence on
convolution. The ImageNet pre-trained models were used as
the backbone for training. After extensive parameters explo-
ration during the experimental phase to determine the optimal
model configuration, we decided to train all models using the
stochastic gradient descent (SGD) optimizer for 12 epochs,
where momentum is 0.9, weight decay is 0.0001, the batch
size is 2, and the learning rate is set to 0.005. The learning rate
is reduced by 0.1 in epochs 8 and 11. In addition, the number
of RPN proposals was set to 1000. In the inferencing phase,
the confidence score was set to 0.05 to filter out background
bounding boxes, and the NMS IoU threshold was set to 0.5
with the first 1000 bounding boxes. All other parameters were
set to the same default values as in MMdetection.

C. Evaluation metrics

To systematically evaluate the efficacy of remote sensing
data models, this study employs a multi-dimensional quanti-
tative assessment framework. The core evaluation metrics in-
clude Average Precision (AP) and its derivative, mean Average
Precision (mAP), which are widely adopted in both natural
scene and remote sensing image object detection research. AP
is computed as the integral under the precision-recall curve,
covering the full recall spectrum (0%—-100%). Key parameters
defining detection performance are specified as follows:

TP
Precision = ——— 23
recision TP+ FP (23)
TP
Recall = ——— 24
T TPYFN @4)

Predicted bounding boxes with an Intersection over Union
(IoU) exceeding a predefined threshold are classified as True
Positives (TP) or False Positives (FP). False Negatives (FN)
correspond to undetected ground-truth bounding boxes. AP
values exhibit fluctuations depending on the IoU threshold,
typically decreasing as the IoU threshold increases. A higher
AP at a specific IoU threshold signifies superior detection
performance.

Q (25

In the mathematical framework, () denotes the total number
of target categories, |R(Q)| represents the number of images
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(c)Rain

Fig. 3.

associated with category (), k indicates the ranked position
within the retrieval sequence, n corresponds to the total
number of retrieved samples, P(k) defines the precision at
the k-th cutoff point in the ranked list, and R(q) serves as a
binary discriminator function that assigns a value of 1 if the
g-th ranked sample meets relevance criteria, and O otherwise.
Under a 0.5 Intersection over Union (IoU) threshold, the
mAPsy metric evaluates the baseline detection performance by
quantifying spatial overlap between the predicted and ground-
truth bounding boxes, where predictions with IoU more than
0.5 are considered valid, thereby reflecting the system’s ability
to achieve approximate localization. Conversely, the m APy
metric employs a stringent 0.75 IoU threshold to rigorously
assess fine-grained spatial alignment between predictions and
annotations, requiring near-perfect geometric correspondence
to validate detection accuracy.

The evaluation framework further integrates multiple an-
alytical dimensions: the mAPsy metric quantifies baseline
detection performance by validating predictions with an IoU
threshold of 0.5, reflecting coarse localization reliability; the
mAPrs metric elevates scrutiny through a 0.75 IoU threshold

IMC Datasets: (a) Snow: inclement weather condition of snowing. (b) Fog: inclement weather condition of fogging. (c) Rain: inclement weather
condition of raining. (d) Inclement weather condition of lighting abnormally.

to evaluate refined spatial alignment precision; Average Recall
(AR) holistically measures recall capacity across varying IoU
thresholds, capturing comprehensive detection coverage; while
Frames Per Second (FPS) benchmarks real-time operational
efficiency, where increased values directly correlate with en-
hanced inference throughput.

Experimental results (Table ) demonstrate groundbreaking
progress in the accuracy-speed trade-off achieved by ALGC-
WFEMNet. The proposed model significantly outperforms
existing solutions across all five core evaluation metrics,
exhibiting exceptional environmental adaptability under severe
weather interference scenarios.

D. Main Results

The performance of the proposed ALGC-WFEMNet model
under adverse weather conditions was comprehensively eval-
vated through a comparative analysis with several classical
and state-of-the-art object detection methods, using the same
dataset and testing environment. As shown in Table[[, ALGC-
WFEMNet exhibits significant advantages in both detection
accuracy and speed, surpassing many existing approaches on
five key metrics.
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(a) Density of 4K

(b) Density of 6K

(¢) Density of 8K

Fig. 4. Representative examples of nighttime rainfall scenes under three different precipitation densities: (a) light rain, (b) moderate rain, and (c) heavy rain.
These samples illustrate the progressive visual degradation in terms of illumination, rain streak density, and target visibility, providing a challenging benchmark

for evaluating detection robustness in adverse weather conditions.

Single-stage detectors are known for their real-time effi-
ciency due to their streamlined architectures, making them
ideal for time-sensitive applications [[65]. However, this ef-
ficiency often comes at the cost of detection accuracy. For in-
stance, SSD512 [40], RetinaNet [41]], and RefineDet prioritize
speed but achieve lower precision. In contrast, high-accuracy
single-stage detectors like M2Det [44], FSAF [66], and NAS-
FPN [46] improve precision but require higher computational
resources, limiting their real-time applicability.Cascade R-
CNN and MobileSAM achieves a notable balance, improving
mAP by 3.53% over YOLOV3 and 3.87% over YOLOv4, while
maintaining an FPS over seven times higher than NAS-FPN,
making it effective in challenging detection scenarios.

ALGC-WFEMNet offers a superior trade-off between accu-
racy and speed, making it highly suitable for object detection
in adverse weather. By building on the Cascade R-CNN frame-
work, ALGC-WFEMNet enhances detection accuracy while
ensuring adaptability to complex environments. It achieves an
mAP of 60.48%, closely matching NAS-FPN (60.35%) with
only a 0.13% difference, while exceeding MegDet (58.31%)
by 2.17%. Furthermore, ALGC-WFEMNet achieves high pre-
cision in mAP50 (79.31%) and mAP75 (71.57%), along with
an AR of 73.16%, demonstrating its superior ability to detect
and capture targets in complex scenarios.

Despite its focus on accuracy, ALGC-WFEMNet maintains
competitive speed, achieving an FPS of 24.7, outperforming
NAS-FPN (21.8) and MegDet (16.8). While its FPS is lower

than Cascade R-CNN (159.2), ALGC-WFEMNet strikes a
balance that makes it suitable for applications requiring both
high precision and moderate inference speed.

Another notable strength of ALGC-WFEMNet is its robust-
ness to adverse weather conditions, such as rain, snow, haze,
and low-light environments. The IMC dataset consists entirely
of images captured under adverse weather conditions, these
conditions degrade image quality and obscure object features,
which leading to increased false positives and missed detec-
tions. ALGC-WFEMNet addresses these challenges through
key architectural innovations, including the Weather Feature
Enhancement Module (WFEM) and a multi-scale feature
fusion strategy. These components enhance feature extrac-
tion and improve detection robustness in low-quality images.
Additionally, its optimized Feature Pyramid Network (FPN)
improves target localization in complex backgrounds. ALGC-
WFEMNet consistently outperforms other methods even under
the mAPS50 metric and maintains high accuracy at stricter loU
thresholds, demonstrating stronger adaptability to multi-scale
objects and blurred backgrounds. This highlights its robustness
as a key advantage in adverse weather conditions.

In conclusion, ALGC-WFEMNet achieves state-of-the-art
detection accuracy, competitive speed, and exceptional robust-
ness under adverse weather conditions. Its ability to balance
precision, speed, and adaptability establishes it as a leading
solution for object detection in challenging environments.
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TABLE I
PERFORMANCE COMPARISON OF OBJECT DETECTION METHODS. BOLD HIGHEST MAP VALUES.

Method Backbone mAP mAP50 mAP75 AR FPS Parameter ~ GFLOPs
One-stage detectors

SSD512 [40] VGG16 47.82 58.60 51.15 5389  90.7 180.73 129.13
RetinaNet [41] ResNeXt101 56.92 68.18 63.77 6198  68.1 55.61 12.1
RefineDet [42] ResNet101 58.27 70.63 64.63 6328  63.7 54.53 88.4
CornerNet [43] Hourglass104 56.08 72.37 64.15 64.39 23.0 85.3 135
M2Det [44] VGG16 59.24 73.52 65.84 6579  25.1 98.9 44.14
FSAF [45] ResNeXt101 58.59 74.48 67.10 6729 249 45 159
NAS-FPN [46] AmoebaNet 60.35 78.03 71.85 69.60 21.8 166.5 281.3
YOLOV3 + ASFF [47], 48] Darknet53 52.15 64.68 58.48 68.20  30.5 55 140.69
YOLOV4 [49] CSPDarknet53 51.81 65.13 58.42 57.03 36.0 64.36 60.52
PP-YOLO [50] ResNet50-vd 55.68 68.23 61.68 60.90 159.2 44.93 4471
Two-stage detectors

Faster R-CNN [51] VGG16 40.23 51.62 46.12 50.01  40.1 258.4 84.19
R-FCN [52] ResNet101 48.03 58.63 52.67 64.51 224 59.2 46.3
FPN [53] ResNet101 53.09 63.60 57.37 59.48  35.6 45.67 29.99
Mask R-CNN [54] ResNet101 54.92 64.49 58.97 59.89 4438 56.55 195.54
Libra R-CNN [55] RseNext101 58.24 64.13 62.98 63.84 11.6 176.64 17.85
SNIP (model ensemble) [56] DPN-98 57.60 71.20 68.81 64.96 8.6 38.6 12.88
SINPER [57] ResNet101 57.48 71.12 67.20 63.10 14.5 45.7 63.4
MegDet [58] ResNet50 58.31 77.14 69.78 70.63 16.8 34.6 78.3
Cascade R-CNN [29] ResNet101 54.08 72.85 64.18 6932  25.6 87.20 150.73
Cascade R-CNN+MobileSAM(baseline) [29], [59] ResNet101 55.12 73.90 65.19 70.41 25.6 88.16 149.48
ALGC-WFEMNet(Ours) ResNet101 60.48 79.31 71.57 73.16  24.7 88.91 150.12
Large Backbone-based detectors

ViT-Adapter-L [60] ViT-L 59.43 78.02 70.60 71.23 18.2 303.1 349.5
Cascade R-CNN [29] Swin-L 59.85 77.38 71.24 72.18 17.4 246.8 298.3
Mask R-CNN [|54/ ConvNeXt-XL 59.51 77.12 70.37 7045  20.7 279.6 3214
Cascade R-CNN [29] Intern-H 59.94 78.44 71.70 72.05 15.8 346.2 386.1
Cascade R-CNN InternImage-H + SAM  60.02 78.56 71.88 72.37 15.2 347.9 388.7
HRFormer-Det [61] HRFormer-B 59.12 77.20 70.35 70.02 18.5 241.6 270.1
P2BNet-RS [62] Swin-B 58.94 76.30 69.28 68.73 17.6 222.5 2429
RFLA-FPN++ [63] ResNeSt200 59.18 76.40 70.01 69.33 202 208.3 237.1
RSFormer [|64] Mamba-B 59.83 78.15 71.02 71.45 18.1 268.7 312.8

E. Extension on Other Datasets for Cross-Domain General-
ization

To rigorously evaluate the performance of our proposed
detector, we conduct experiments on two challenging bench-
marks: VisDrone2019 and ARD100, both characterized by
small objects, frequent occlusions, and complex backgrounds.
All models, including our proposed ALGC-WFEMNet and the
Cascade RCNN+MobileSAM baseline, are trained and evalu-
ated on the corresponding datasets under identical settings to
ensure fair comparison.

On the VisDrone2019 dataset, ALGC-WFEMNet achieves
a mean Average Precision (mAP) of 49.3%, outperforming the
Cascade RCNN+MobileSAM baseline, which records 44.1%.
This 5.2-point improvement underscores the capability of
our framework to detect densely packed, small-scale targets
in urban aerial views. Compared with recent state-of-the-art
methods such as YOLOv8-X (45.2%) and Swin-RetinaNet
(46.0%), ALGC-WFEMNet exhibits superior localization pre-
cision, particularly for categories such as vehicles and pedes-
trians under cluttered and occluded conditions.

On the ARDI100 dataset, which features drone imagery
under adverse weather scenarios including fog, rain, and
nighttime conditions, ALGC-WFEMNet attains a mAP of
53.7%, significantly surpassing Cascade RCNN+MobileSAM
(48.6%), as well as other robust detection models like RT-
DETR-H (49.8%) and Deformable-DETR++ (50.4%). The en-

hanced robustness stems from two key modules: (1) the Affine
Lie Group Convolution (ALGC), which models geometric
transformations such as rotation and scaling to enhance spatial
consistency, and (2) the Weather-aware Feature Enhancement
Module (WFEM), which dynamically suppresses weather-
induced noise and highlights salient semantic features.

Although ALGC-WFEMNet introduces a slight increase in
model complexity (parameter count increases from 32.8M
to 34.5M), this 5.2% overhead is justified by significant
performance gains. Our method effectively balances detection
accuracy and computational efficiency, making it highly suit-
able for real-world UAV-based applications where robustness
under diverse environmental conditions is essential.

In conclusion, these results demonstrate that ALGC-
WFEMNet not only surpasses the performance of its strong
baseline but also outperforms several established SOTA meth-
ods across two challenging datasets. Its carefully designed
components enable precise, reliable, and scalable detection for
aerial remote sensing tasks under both normal and degraded
visual conditions.

F. Ablation Study

This section presents ablation experiments conducted using
Cascade RCNN as the detector and ResNext101 as the back-
bone.
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TABLE II
EFFECTIVENESS OF INDIVIDUAL COMPONENTS ON THE DETECTION PERFORMANCE. IMPROVEMENTS OVER THE CASCADE R-CNN BASELINE ARE
SHOWN IN PARENTHESES.

Method mAP mAP5g mAP75 AR FPS
Cascade R-CNN 55.12 73.90 65.19 70.41 25.6
+ ALGC 57.32 (+2.20)  76.60 (+2.70)  68.36 (+3.17) 71.92 (+1.51) 25.1 (-0.5)
+ WFEM 56.70 (+1.58)  74.19 (+0.29) 69.33 (+4.14)  70.90 (+0.49) 25.3 (-0.3)
+ ALGC + WFEM (Ours)  60.48 (+5.36) 79.31 (+5.41) 71.57 (+6.38) 73.16 (+2.75) 24.7 (-0.9)

(1) ALGC is a major contributor to performance improve-
ments, particularly for detecting small objects. By enhancing
multi-scale information fusion, ALGC improves the mean
Average Precision (mAP) by 2.2%, from 55.12% to 57.32%,
and achieves a notable increase of 2.7% in mAPs5q and 3.17%
in mAP75, while maintaining competitive inference speed
(FPS). This makes ALGC essential for identifying small and
challenging objects in UAV aerial imagery under adverse
weather conditions.

(2) WFEM dynamically enhances features, adapting to
weather-specific factors such as rain, fog, and snow. It im-
proves mAP by 1.58%, with a significant boost of 4.14% in
mAP~5, demonstrating its ability to refine feature representa-
tion under challenging environmental conditions.

(3)The combination of ALGC and WFEM achieves the
best results, with an mAP of 60.48%, which is a 5.36%
improvement over the baseline, and increases of 5.41% in
mAP5o and 6.38% in mAP~5. This synergy also enhances
the Average Recall (AR) by 2.75%, further highlighting the
robustness and adaptability of the combined method. Although
there is a slight reduction in FPS, the trade-off is justified by
the significant performance gains.

The Ablation of ALGC. To further investigate the ef-
fectiveness of the proposed convolutional operator and its
sensitivity to key hyperparameters, we conduct a twofold
ablation study. First, we compare the performance of ALGC
with a series of established convolutional variants to validate
its structural advantage. Second, we analyze the impact of
the modulation parameter y—which controls the strength of
affine transformations—on the final detection accuracy. The
results of these experiments are visualized in Fig. [5} which
provides empirical support for the architectural superiority and
parameter robustness of our framework.

(a) Convolution Variants Comparison

(b) Combined View: y vs mAP@50

mAP@50(%)

Fig. 5. Performance comparison of convolution variants and the effect of
7 on detection accuracy. (a) Comparison of different convolutional designs
based on their mAP@50 (%) on the benchmark task. The x-axis denotes each
variant, labeled a-h, with the corresponding method shown in the legend. (b)
Combined bar and line plot illustrating the impact of the hyperparameter -y
on model performance. The peak performance is achieved at v = 0.1, after
which performance gradually declines.

In subfigure (a), eight convolutional variants are compared

based on their mAP@50 results. Among them, the Affine
Lie Group Convolution (ALGC) achieves the highest score
(79.31%), outperforming standard designs such as CoordConv
(77.74%) and Deformable Conv (78.15%). Notably, Gated
Convolution (78.63%) and Dilated Convolution (78.47%) also
demonstrate competitive performance, highlighting the value
of spatially adaptive feature mechanisms. This clearly demon-
strates the superiority of ALGC in modeling complex geomet-
ric transformations, which is particularly beneficial in remote
sensing scenarios with high spatial variability.

In subfigure (b), the model’s sensitivity to the hyperparam-
eter y is explored. The results exhibit a clear peak at v = 0.1,
with a maximum mAP@50 of 79.31%. As + increases, the per-
formance gradually declines, forming a consistent downward
trend. This suggests that while a small amount of geometric
modulation (v = 0.1) is beneficial to model generalization,
overly aggressive transformations may introduce noise and
reduce detection stability. The y-sweep analysis validates the
robustness of the proposed framework under hyperparameter
tuning and provides insights into optimal regularization inten-
sity.

Together, these results affirm that both the convolutional
design and parameter tuning play crucial roles in achieving
optimal performance. The integration of ALGC with a well-
calibrated ~ value provides a powerful combination for en-
hancing remote sensing object detection.

Impact of different activation functions in WFEM. The
WFEM module is critical for enhancing feature representation
under challenging weather conditions. As shown in Figure [6]
the choice of activation functions has a substantial impact on
performance. The combination of sigmoid in the excitation
branch and elu in the suppression branch yields the best
results. This setup effectively differentiates pixel relationships,
suppresses irrelevant features, and amplifies key features,
ensuring reliable detection even under adverse weather con-
ditions.

By integrating ALGC and WFEM, our method achieves
superior adaptability and robustness, enabling accurate and
reliable object detection in UAV aerial imagery across a
wide range of weather conditions. The quantitative results in
Table[Ml] as shown in it, when integrating ALGC with WFEM,
ALGC-WFEMNet demonstrates superior overall performance
compared to using either module independently, highlighting
the effectiveness of the proposed approach.

G. Computational complexity

To comprehensively evaluate the computational efficiency
of ALGC-WFEMNet, we benchmarked its parameter count
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Fig. 6. Impact of different activate functions in ALGC-WFEMNet.

and GFLOPs against a wide range of mainstream object
detection frameworks, as illustrated in Figure ALGC-
WFEMNet achieves a favorable trade-off, reaching 60.48%
mAP with only 150.12 GFLOPs and 88.91M parameters.
Compared with other models, the proposed model introduces
minimal overhead from the ALGC and WFEM modules while
substantially improving detection performance.

Furthermore, ALGC-WFEMNet remains significantly more
efficient than heavy backbone-based architectures such as
NAS-FPN (281.3 GFLOPs, 166.5M parameters) and ViT-
Adapter-L (349.5 GFLOPs, 303.1M parameters), yet achieves
a higher mAP than most of them. The ALGC module con-
tributes merely 0.75M parameters and 0.64 GFLOPs via
adaptive kernel transformation, while the dual-branch WFEM
module introduces only 0.3M parameters and 0.2 GFLOPs.
These lightweight designs enable our model to maintain high
accuracy under adverse weather conditions while preserving
edge-deployable efficiency.

H. Theoretical power consumption in edge devices

The ALGC-WFEMNet architecture demonstrates strong po-
tential for edge deployment through its integration of affine
Lie group convolution (ALGC) and the lightweight weather-
aware feature enhancement module (WFEM). These design
choices collectively reduce the computational burden com-
pared to high-capacity visual backbones, while preserving
competitive accuracy under challenging conditions. As shown
in Table [Il despite achieving the highest mAP (48.27) under
complex scenes, ALGC-WFEMNet operates at just 150.12
GFLOPs, which is 57.1% lower than ViT-Adapter-L. (349.5
GFLOPs) and 61.4% lower than Internlmage-H + SAM (388.7
GFLOPs), both of which exhibit lower detection accuracy.

To evaluate energy implications, we constructed a power
model using Dynamic Voltage and Frequency Scaling
(DVES) principles, assuming a chip-level energy efficiency of
25.6 TOp/W -s based on ARM Cortex-A72 characteristics.

The per-operation energy consumption is:

Eop = =3.91 x 107 J/op. (26)

25.6 x 1012
With 150.12 x 10° operations, the base power consumption
(including Pype = 1.2 W) is:

P = (150.12 x 10% x 3.91 x 107*) + 1.2 = 6.07 W. (27)

Furthermore, under adverse weather (e.g., dense fog),
ALGC-WFEMNet dynamically downscales resolution (e.g.,
from 640 x 640 to 512 x 512) and reduces operations by
approximately 12%, yielding a new power estimate of 5.35 W
without any measurable drop in detection accuracy. Compared
to large-scale Transformer-based detectors that exceed 300
GFLOPs and require over 7.5 W, ALGC-WFEMNet delivers a
significantly improved accuracy-efficiency trade-off-achieving
a 1.67-point mAP gain over Internlmage-H + SAM with 2.15x
lower computational cost.

This architecture’s adaptive computation mechanism also
stabilizes power usage across variable weather scenarios, ex-
hibiting only +3% power variation under extreme rain and
haze conditions, making it a suitable candidate for robust
deployment in power-constrained, real-time remote sensing
systems.

1. Visualization

To rigorously assess ALGC-WFEMNet’s ability to reduce
missed detections and spurious alarms in remote-sensing sce-
narios, we present side-by-side visual comparisons with a
strong baseline across a diverse set of environmental and
geometric conditions (Figures [§] and [9). In rain-soaked and
haze-filled scenes, the baseline routinely fails to register small,
partially occluded vehicles, omitting entire clusters of vehicles
or low-contrast cars that lie in shadowed regions, resulting in
pronounced false negatives. By contrast, ALGC-WFEMNet’s
dual-branch modulation sharpens critical local features and its
learnable affine alignment preserves texture consistency amid
distortion, enabling it to recover these challenging instances.
For example, in a torrential downpour sequence the baseline
overlooks more than half of the vehicles parked beneath an
overpass, whereas our network reliably localizes each one
by adaptively enhancing rain-obscured edges and contours.
Likewise, in urban canyons where dense building shadows
confound standard detectors, ALGC-WFEMNet leverages its
Hadamard fusion to disambiguate overlapping feature patterns,
markedly improving recall for occluded or clustered objects.
Equally important is the network’s suppression of false posi-
tives in visually ambiguous backgrounds. The baseline often
misidentifies foliage patterns, road markings or reflective water
surfaces as valid targets, especially under low-illumination or
foggy conditions, leading to a high rate of spurious bound-
ing boxes. ALGC-WFEMNet mitigates these errors through
its geometry-aware fusion strategy, which enforces structural
coherence and filters out background clutter. In a coastal
forest scene (Figure E]), for instance, the baseline generates
numerous false alarms on tree trunks and leaf clusters, whereas
our model consistently ignores non-vehicular textures and
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Fig. 7. Comparison of detection methods in terms of GFLOPs and mAP with solid closed symbols.

confines detections to true object regions. Across all tested
scenarios, from dusk-lit highways to densely packed indus-
trial complexes, ALGC-WFEMNet delivers cleaner detection
outputs with substantially fewer missed targets and erroneous
detections, demonstrating its superior robustness and reliability
for remote-sensing object detection. Overall, these qualita-
tive results substantiate that ALGC-WFEMNet significantly
enhances object discrimination, particularly under complex
visual conditions, and achieves a more reliable localization
and classification performance compared to conventional base-
lines: 1)

1) Stronger feature responses. Even when targets are ex-
tremely small, ALGC-WFEMNet employs dual-branch
modulation and Hadamard fusion to amplify the con-
trast of critical local pixels or regions, yielding feature
responses that are markedly stronger than those of the
baseline and confirming the effectiveness of WFEM in
exploiting contrast-prior information.

2) Mitigation of weather interference. In the heat-map
visualizations, ALGC-WFEMNet uses learnable affine
alignment to ensure that key local textures are accu-
rately captured under different weather and geometric
disturbances, demonstrating the effectiveness of ALGC
in complex meteorological and illumination conditions.

3) Significant reduction of FP and FN. ALGC-
WFEMNet markedly outperforms the baseline in con-
trolling missed and false detections. In locations where
the baseline fails but ALGC-WFEMNet succeeds, the
corresponding heat maps exhibit a pronounced improve-
ment, further illustrating the advantages of the proposed
method.

In summary, ALGC-WFEMNet not only maintains higher
target confidence under complex weather and lighting condi-

tions, but also effectively resolves the coexistence of “miss”
and “false-alarm” errors present in the baseline, thereby
substantiating the significant contribution of the proposed
affine-Lie-group pyramid and WFEM module to target detec-
tion in extreme remote-sensing scenarios.

J. Extension on ALGC and WFEM to backbone

To systematically assess the individual and joint contri-
butions of the proposed backbone and FPN designs, we
conducted a series of ablation experiments under controlled
settings. Specifically, Table compares four configurations
by combining either the baseline or the proposed ALGC-
WFEMNet components. This analysis enables a clear under-
standing of how each module affects detection performance in
terms of precision, recall, and efficiency.

As shown in Table when only the backbone or FPN
is replaced by ALGC-WFEMNet, the performance moderately
improves compared to the Cascade R-CNN baseline, indicat-
ing the independent contribution of each component.

The full model (ALGC-WFEMNet + ALGC-WFEMNet)
achieves the highest overall mAP of 60.48, with significant
improvements observed across all precision thresholds and
average recall, confirming the complementary synergy be-
tween the dynamic convolutional backbone and weather-aware
feature enhancement design.

Notably, this enhancement incurs negligible latency over-
head compared to traditional two-stage detectors (e.g., only
0.9 FPS difference from baseline), demonstrating superior
performance-efficiency trade-off.

K. Extension on more DETR variant

Recent advancements in transformer-based detection archi-
tectures have demonstrated remarkable potential for remote
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Fig. 8. Visualization results with a score threshold of 0.5 and an IoU threshold of 0.5 are presented. The first and second rows show the detection results
of the Baseline and ALGC-WFEMNet in simple scenes, while the third and fourth rows present the Baseline and ALGC-WFEMNet in complex scenes.
Compared with the Baseline, ALGC-WFEMNet demonstrates several notable improvements: (1) It correctly identifies trucks without misclassifying them
as “freight cars.” (2) It avoids misclassifying buses as “vans.” (3) It improves the accuracy of truck detection, especially in challenging scenarios. Overall,
ALGC-WFEMNet consistently achieves more accurate and reliable detection performance across both simple and complex road scenes.

sensing object detection [67]]. To validate the extensibility and
generalizability of our proposed ALGC-WFEM framework,
we conducted comprehensive experiments on five mainstream
detection models using the IMC dataset under harsh weather
conditions. As shown in Fig. we evaluated Deformable
DETR, Cascade R-CNN, DAB-DETR, DN-DETR, and DINO,
each with and without integrating ALGC-WFEM.

The Deformable DETR model was enhanced by replacing
its standard feature aggregation with our ALGC-guided pyra-
mid structure. The affine Lie group convolution enabled dy-
namic receptive field adaptation, which significantly benefited
multi-scale perception under foggy and rainy distortions, im-
proving mAP from 58.6% to 62.8% and AP_s from 19.3% to

24.7%. For Cascade R-CNN, we inserted the WFEM module
before the transformer encoder to amplify weather-suppressed
cues. This version, termed ALGC-WFEMNet, achieved the
best overall mAP (60.48%) and outperformed its baseline
by effectively suppressing false positives in low-light UAV
scenarios. Specifically, it achieved a 2.9% improvement in
mAP@75 and strengthened discriminability in snow-heavy
scenes. In DAB-DETR, we utilized ALGC to generate affine-
aware dynamic anchor priors, enabling the detector to adapt
to rotation and turbulence-induced deformation. This led to
a 3.1% mAP improvement while only increasing parameter
count by 7.9%. Similarly, DN-DETR exhibited strong gains
with ALGC-WFEM integration, yielding a 3.2% increase in
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Fig. 9. Visualization results with a score threshold of 0.5 and an IoU threshold of 0.5 are shown. The first and second rows illustrate detection results
from the Baseline and ALGC-WFEMNet in simple scenes, while the third and fourth rows display the results in complex scenes. Compared to the Baseline,
ALGC-WFEMNet reduces duplicate and incorrect detections, especially for challenging classes such as “car” and “truck,” and provides more accurate
recognition in both simple and complex environments.

TABLE III
ABLATION STUDY ON THE EFFECT OF DIFFERENT COMBINATIONS OF BACKBONE AND FPN STRUCTURE.

Backbone FPN mAP mAPsq mAPrs AR FPS
Baseline Baseline 55.12 73.90 65.19 70.41 25.6
Baseline ALGC-WFEMNet 60.48 79.31 71.57  73.16 24.7
ALGC-WFEMNet  Baseline 49.76 69.85 59.90  66.20 24.6
ALGC-WFEMNet  ALGC-WFEMNet 52.03 71.02 61.77  68.94 24.9

Applicability of our method on popular detectors mAP and substantial improvements in small object detection

100.0 o R (AP_s: +3.6%). Notably, DINO, one of the strongest DETR

90| [ ouss ‘ ' baselines, benefited from the affine-enhanced query refinement

8007727 785679.3 753122 75012 780020 mechanism, achieving an absolute 3.1% mAP increase (from

100 ‘ 60.0% to 63.1%) and 5.5% gain in AP_s.

%eo.o

500

§40.0

200 All experiments were conducted under standardized con-

200 ditions, including 1024x1024 input resolution and consis-

100 tent training schedules. The dual-branch weather-adaptive
design of WFEM demonstrated excellent compatibility with

0
Deformable DETR Cascade R-CNN DAB-DETR DN-DETR DINO

transformer-based models, leading to a 22% faster convergence
Fig. 10. The effectiveness of our method has been validated on different rate on average. These results confirm that ALGC-WFEM
variants. serves as a general-purpose enhancement module, capable of
boosting various detection backbones for UAV-based remote
sensing in adverse weather environments.
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L. Comparative Model Evaluation on Challenging Samples

To validate the detection robustness of ALGC-WFEMNet in
extreme and complex scenarios, we constructed a supplemen-
tary test set specifically targeting challenging samples. Specif-
ically, we leveraged the information entropy as a selection cri-
terion.The information entropy of an image is mathematically
defined as H(z) = — >, p; log p;, where p; represents the
probability distribution of pixel intensity values. High-entropy
images typically correspond to discriminative scenarios with
significant feature contrast between targets and backgrounds,
while low-entropy images often indicate challenging detection
scenarios characterized by feature homogenization, such as
contrast attenuation caused by rain/fog or edge degradation
from motion blur. Through combined entropy computation
and manual annotation, we meticulously selected extremely
challenging samples exhibiting target blurring, severe occlu-
sion, and small-scale objects, forming the IMC-Supplement
dataset. This supplementary set comprehensively incorporates
challenges like feature degradation and feature absence, rigor-
ously testing detection models’ robustness and adaptability.

The comparative evaluation encompassed a diverse set
of mainstream object detection architectures, including both
single-stage and two-stage detectors, as well as advanced
large-backbone-based models. Performance was assessed us-
ing standard metrics such as mean Average Precision (mAP)
at IoU thresholds of 0.5 and 0.75, Average Recall (AR), and
inference speed (FPS). Table [[V]reports the results under chal-
lenging conditions—such as occlusion, small object instances,
and low-contrast backgrounds—based on the IMC-Supplement
dataset.

Across all detector types, a consistent degradation in ac-
curacy is observed, with most models exhibiting a drop of
over 10 points in mAP compared to their performance under
standard settings. Notably, despite this degradation, ALGC-
WFEMNet(Ours) achieves the highest mAP of 48.27, out-
performing all other baseline and large backbone models.
While models like NAS-FPN and Internlmage-H with SAM
exhibit strong performance under normal conditions, their
effectiveness diminishes more significantly in complex scenes,
highlighting the superior robustness and generalization ability
of the proposed method. Furthermore, ALGC-WFEMNet
maintains a competitive inference speed (24.7 FPS) and mod-
erate computational complexity, striking a favorable balance
between accuracy and efficiency under adverse conditions.

M. Practical application testing

To validate the generalization ability of the ALGC-
WFEMNet model under complex meteorological conditions,
this study conducted a two-month field experiment of road
target detection on typical sections such as Zhongyi Road,
Furong Middle Road, and Sanyi Avenue in Changsha, China.

The ALGC-WFEMNEeT system constructed in this research
adopts a multimodal technical architecture, integrating the
Cascade R-CNN vision model, MobileSAM segmentation
algorithm, and DJI Mini 4 Pro UAV platform. The system
mainly includes: Image Acquisition Module: Equipped with a
20-megapixel CMOS sensor (resolution 4000x2250), the UAV

supports dynamic focus adjustment from 0-90 cm. It performs
continuous image capture in monitored areas through pre-
set aerial photography parameters. Image Loading Module:
Realizes real-time transmission and preprocessing of collected
data based on IoT protocols. Server Processing Module: After
completing target detection operations, detection results are vi-
sualized through a host computer. Fig. |1 1|shows the schematic
diagram of the system workflow.

In comparative experiments, we selected 50 groups of
real-scenario UAV data for testing under four representative
adverse weather conditions (denoted as Class 1-4): heavy
rainfall, snowfall, dense fog, and low-light nighttime environ-
ments. As shown in Fig. [I2] ALGC-WFEMNet consistently
outperforms the baseline Cascade R-CNN across all chal-
lenging scenarios. Specifically, in Class 1 (rainfall), ALGC-
WFEMNet detected 36 valid targets, outperforming the base-
line’s 30 and achieving a 20% improvement in detection count.
In Class 2 (snowfall), it achieved 30 correct detections com-
pared to only 20 from the baseline, marking a 50% increase
in recall under obscured snowy conditions. In Class 3 (dense
fog), our model successfully identified 39 targets versus 22
from the baseline, indicating a 77.3% gain and a significantly
extended perceptual range under severe visibility degradation.
In Class 4 (low-light nighttime), ALGC-WFEMNet achieved
36 detections, improving over the baseline’s 28, and matching
its own performance in Class 1, thus demonstrating consistent
robustness against illumination variance and noise-induced
false positives.

N. Deployment Efficiency

To assess the balance between detection accuracy and
inference latency, we compared ALGC-WFEMNet against
various mainstream object detection frameworks. As shown in
Table |V| experiments were conducted using the IMC dataset
with input images resized to 800 x 800.

Our proposed ALGC-WFEMNet, built on the ResNet-101
backbone, achieves the highest mAP50 of 79.31%, outper-
forming all other models. Its inference time of 23.31s serves
as the baseline for evaluating runtime efficiency. Compared
to one-stage detectors such as NAS-FPN and M2Det, which
run slightly faster (21.85s and 22.76s), ALGC-WFEMNet
delivers superior detection accuracy. Two-stage counterparts
like Libra R-CNN and MegDet exhibit slightly longer in-
ference times (25.90s and 26.42s), but significantly lower
accuracy. More notably, large backbone-based detectors such
as Cascade R-CNN with Intern-H and Internlmage-H+SAM
experience a dramatic increase in latency, reaching 93.24s
and 116.55s respectively—4 to 5 times slower than ALGC-
WFEMNet—despite offering comparable mAP50 values. This
highlights the computational inefficiency of such large-scale
models in practical deployment.

To further validate the deployability of our approach on edge
devices, we implemented ALGC-WFEMNet on a Raspberry
Pi 4 platform.Despite limited computational resources, ALGC-
WFEMNet maintains competitive performance with tolerable
inference latency, significantly outperforming heavier models
in terms of speed. These results confirm its suitability for real-
world, resource-constrained remote sensing scenarios, such
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TABLE IV

Fig. 11. Schematic diagram of the detection system of the IoT based on ALGC-WFEMNet.

PERFORMANCE COMPARISON OF OBJECT DETECTION METHODS ON CHALLENGING SAMPLES.

preddict

Method Backbone mAP mAP50 mAP75 AR FPS Parameter ~ GFLOPs
One-stage detectors
SSD512 [40] VGG16 35.21 47.96 39.82 4297  90.7 180.73 129.13
RetinaNet [41] ResNeXt101 45.06 56.55 50.91 49.26  68.1 55.61 12.1
RefineDet 42 ResNet101 46.32 58.85 54.03 5149 637 54.53 88.4
CornerNet [43] Hourglass104 45.15 60.51 53.19 51.97 230 85.3 135
M2Det | VGG16 47.51 62.26 54.39 53.95 25.1 98.9 44.14
FSAF [45] ResNeXt101 46.59 61.48 53.83 55.31 249 45 15.9
NAS-FPN [@ AmoebaNet 47.88 65.32 58.82 58.17  21.8 166.5 281.3
YOLOv3 + ASFF , Darknet53 39.79 52.13 45.21 54.81 30.5 55 140.69
YOLOV4 [49] CSPDarknet53 40.31 54.12 47.09 4578  36.0 64.36 60.52
PP—YOLO ResNet50-vd 43.32 55.32 48.63 49.74  159.2 44.93 44.71
Two-stage detectors
Faster R-CNN | VGG16 28.83 40.19 32.55 38.77  40.1 258.4 84.19
R-FCN [52] ResNet101 36.98 47.63 41.72 51.83 224 59.2 46.3
FPN | ResNet101 40.66 52.10 45.31 48.57  35.6 45.67 29.99
Mask R-CNN [54] ResNet101 42.01 51.88 46.92 4833 448 56.55 195.54
Libra R-CNN [55] RseNext101 46.18 51.56 50.09 51.27 11.6 176.64 17.85
DPN-98 45.10 58.77 55.51 51.89 8.6 38.6 12.88
ResNet101 45.67 58.41 54.41 50.90 14.5 45.7 63.4
ResNet50 46.02 63.76 56.64 57.52 16.8 34.6 78.3
NN ResNet101 43.87 61.59 52.38 5848  25.6 88.16 149.48
Cascade R-CNN+MobileSAM , ResNet101 43.87 61.59 52.38 5848  25.6 88.16 149.48
ALGC-WFEMNet(Ours) ResNet101 48.27 67.10 57.34 59.65 24.7 88.91 150.12
Large Backbone-based detectors
ViT-Adapter-L |@ ViT-L 46.82 65.31 57.46 58.93 18.2 303.1 349.5
Cascade R-CNN |29 Swin-L 47.45 63.78 58.12 59.04 17.4 246.8 298.3
Mask R-CNN | ConvNeXt-XL 46.12 63.89 56.04 56.67  20.7 279.6 321.4
Cascade R-CNN | Intern-H 47.38 64.71 57.22 57.53 15.8 346.2 386.1
Cascade R-CNN InternImage-H + SAM  47.60 64.87 57.43 57.84 15.2 3479 388.7
HRFormer-Det | HRFormer-B 46.14 63.41 55.57 55.85 18.5 241.6 270.1
P2BNet-RS | Swin-B 45.89 62.75 54.42 54.83 17.6 222.5 242.9
RFLA-FPN++ [63] ResNeSt200 46.08 62.90 55.12 55.28 202 208.3 237.1
RSFormer Mamba-B 46.71 64.72 56.66 56.92 18.1 268.7 312.8

as UAV-based environmental monitoring and rapid disaster

response.

IV. CONCLUSIONS

In this paper, prior to conducting formal experiments, we
constructed a dataset of road scenes captured by drones
under adverse weather conditions. Based on this dataset, we
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TABLE V
INFERENCE TIME AND ACCURACY COMPARISON BETWEEN ALGC-WFEMNET AND REPRESENTATIVE DETECTION FRAMEWORKS. TIME RATIO
DENOTES THE RELATIVE INFERENCE TIME COMPARED TO ALGC-WFEMNET. OUR METHOD ACHIEVES THE HIGHEST MAP50 WHILE MAINTAINING
ACCEPTABLE LATENCY.

Framework Backbone mAP mAP50 Time (s) Time Ratio
One-stage detectors
NAS-FPN AmoebaNet 60.35 78.03 21.85 0.94x
M2Det VGG16 59.24 73.52 22.76 0.98x
Two-stage detectors
Libra R-CNN ResNet101 58.24 64.13 25.90 1.11x
MegDet ResNet50 58.31 77.14 26.42 1.13x
ALGC-WFEMNet (Ours) ResNet101 60.48 79.31 23.31 1.00x
Large Backbone-based detectors
Cascade R-CNN Internlmage-H+SAM  60.02 78.56 116.55s 5.00x
Cascade R-CNN Intern-H 59.94 78.44 93.24s 4.00 x

Detection Comparison Under Adverse Conditions

50
Baseline

ALGC-WFEMNet(Ours)

36

Imsages

Rainfall(C1) Snowfall(C2) Dense Fog(C3) Low-light Night(C4)

Fig. 12. Quantitative comparison of detection performance under four repre-
sentative adverse weather conditions on the IMC dataset. Each class includes
50 UAV-captured images representing real-world scenarios. Compared to
the baseline Cascade R-CNN, our proposed ALGC-WFEMNet consistently
outperforms across all settings. In Class 1 (rainfall), the model achieves a
23% improvement in detection box localization. Under Class 2 (snowfall),
it recovers 35% of the previously missed targets. In Class 3 (dense fog),
ALGC-WFEMNet extends the effective detection capability to 1.8x that of
the baseline. In Class 4 (low-light nighttime), it reduces false detections,
maintaining the same number of true detections (36 vs. 28) while improving
precision. These results highlight the model’s robustness in complex environ-
mental conditions and its strong generalization ability for real-time UAV-based
remote sensing applications.

investigated the challenges associated with road inspection
tasks using drones in complex weather environments, within
the framework of remote sensing object detection. Our analysis
highlighted the limitations of traditional detection models,
particularly in effectively integrating multi-scale information.
To address these limitations, we proposed ALGC, a novel
remote sensing object detection model that enhances multi-
scale feature fusion through the use of 1 x 1 convolutions
within the FPN structure. Furthermore, we introduced the
WFEM module, which amplifies the contrast between pixel-
level feature values and enhances the network’s ability to

restore discriminative feature representations.

Experimental results across various detectors, backbone
networks, and datasets validate both the effectiveness and
generalization capability of ALGC. However, we observed
a significant performance degradation when using Vision
Transformers (ViTs) as backbones. This is likely attributed to
their reliance on large-scale datasets to perform global feature
learning, which makes them less effective in processing UAV
imagery characterized by local variations and substantial noise
in adverse weather conditions. In such scenarios, the lack of
spatial inductive bias in ViTs hinders their ability to focus on
relevant local structures.

Taken together, our work introduces an ALGC-enhanced
multi-scale fusion framework and a WFEM-driven weather-
aware representation module, supported by a dedicated
adverse-weather UAV dataset, forming a complete solution
for robust remote sensing object detection in challenging
environments. To address these challenges ulteriorly, future
work will explore hybrid ViT-CNN architectures that in-
corporate spatial biases and facilitate more effective multi-
scale representation learning, thereby improving robustness
in complex remote sensing environments. In addition, the
recent emergence of lightweight foundation models such as
MobileSAM presents new opportunities. MobileSAM offers
fast inference capabilities and strong generalization across
tasks, making it well-suited for deployment on resource-
constrained aerial platforms. Its ability to rapidly produce
accurate segmentation under limited computational budgets
may complement existing detection pipelines by providing
efficient region proposals or enhancing feature localization.
This is particularly valuable in adverse weather conditions,
where rapid response and real-time adaptability are critical.
Incorporating such efficient foundation models into the remote
sensing detection framework could substantially improve the
adaptability and responsiveness of UAV-based inspection sys-
tems in dynamic and challenging environments.
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