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Abstract

Satellite remote sensing has become a vital data source for monitoring power infrastructure.
As critical infrastructure supporting power line operations, the monitoring and mainte-
nance of power towers have become core elements in ensuring grid reliability. However,
power tower detection in satellite remote sensing imagery remains challenging because of
the substantial scale differences between distribution and transmission towers, the weak
feature representation of small objects, and interference from complex backgrounds. To
address these challenges, this paper proposes MS-YOLO, a power tower detection algo-
rithm for satellite remote sensing imagery based on multi-scale feature extraction and small
object enhancement. First, the poly kernel inception bottleneck (PKI_Bottleneck) module is
introduced into the YOLOV9 backbone, enhancing the extraction of scale-diverse features
and contextual cues while limiting interference from complex backgrounds. Second, the
dual-branch semantic-spatial synergy attention (DSSA) module is introduced. By decou-
pling deep semantic and shallow spatial information, it effectively preserves small object
features while suppressing environmental noise, enhancing the perception capability for
small tower objects. Finally, a dynamic focal-weighted intersection over union (DFW-IoU)
loss function is introduced to optimize the balance between easy and difficult samples,
compelling the model to prioritize small objects and challenging samples during gradient
updates. Experimental results demonstrate that MS-YOLO achieves mAP50 values of 79.1%
and 95.7% on the two datasets used in this paper, representing improvements of 4.1% and
3.4% over baseline model. These results validate the effectiveness of the improved model
for power tower detection in complex remote sensing scenarios.

Keywords: satellite remote sensing; object detection; power tower detection; YOLO;
multi-scale feature extraction; small object
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1. Introduction

In the process of constructing the new power system to achieve efficient integration of
clean energy, transmission lines have become increasingly vital as the hubs for energy trans-
fer. As critical infrastructure supporting line operations, the spatial distribution and health
status of power towers directly impact grid safety inspections, disaster assessments, and
intelligent operations and maintenance [1]. Consequently, the monitoring and maintenance
of power towers have become central to ensuring grid reliability. However, traditional
manual inspections and drone operations are often constrained by geographical condi-
tions, suffering from low efficiency, high costs, and difficulties in achieving comprehensive,
round-the-clock coverage across the entire grid. Concurrently, with the continuous de-
velopment of high-resolution Earth observation technologies, satellite remote sensing is
progressively emerging as an effective supplementary method for macro-level monitoring
of power facilities, owing to its significant advantages of wide-area coverage, high acquisi-
tion efficiency, and strong repeat observation capabilities [2]. In particular, sub-meter spatial
resolution imagery provided by satellites such as Google Earth [3], Gaofen-series [4], and
WorldView series [5-7] overcomes the limitations of ground-based perspectives, offering
unprecedented data support and opportunities for large-scale, high-frequency automated
monitoring of power transmission towers.

Recently, the rapid development of deep learning technologies has propelled break-
through progress in the field of object detection within remote sensing images, finding
widespread application in downstream tasks such as the inspection of critical power in-
frastructure, including electricity pylons. Presently, mainstream algorithms for detecting
power infrastructure objects are generally divided into two-stage detection models, ex-
emplified by the R-CNN series [8], and one-stage detection models represented by the
YOLO series [9-11]. In comparison, the YOLO series, with its end-to-end architecture
and relatively high inference efficiency, better meets the stringent real-time and efficiency
demands of remote sensing scenarios. Consequently, this series of algorithms has been
widely applied to general remote sensing object detection tasks such as vehicles, buildings,
and airports, but is also extensively applied in various power infrastructure inspection
scenarios [12,13]. Regarding detection tasks for power infrastructure, such as transmission
towers, numerous scholars have conducted extensive research. Yang et al. [14] used the
Adaboost algorithm and the lightweight MobileNetV3 network to build a model improv-
ing the condition recognition of power transmission towers in remote sensing imagery.
Ming et al. [15] employed data augmentation techniques to generate simulated power
tower samples, integrating these with the YOLOv4 framework to achieve automated
detection of power towers. Zha et al. [16] developed a dark-channel image enhancement al-
gorithm to detect power towers, incorporating mobile inverted bottleneck convolutions and
deformable convolutions to detect power towers in remote sensing images. Lu et al. [17] in-
tegrated deep learning with quantum neural network technology, proposing a lightweight
quantum-enhanced object detection framework to detect obstructions in power tower bases.
Huang et al. [18] proposed a lightweight model named DLR-YOLO for multi-scenario re-
mote sensing images to identify power towers, which leverages dynamic low-rank training
to achieve high detection accuracy while markedly decreasing the parameter scale and
computational burden.

Although current approaches have achieved significant results in specific scenarios,
the identification of power towers using satellite remote sensing images still faces severe
challenges caused by significant scale differences and the sparse distribution of small object
features. First, the vast variation in object scale is a key factor that limits detection accuracy.
Transmission towers are structurally complex and massive, whilst distribution towers are
minuscule; the disparity in their pixel proportions within a single remote sensing image is
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stark, making it difficult to account for features at a single scale. Furthermore, due to factors
such as shooting altitude, angle and terrain undulations, towers of the same type may
appear at vastly different scales within remote sensing images, resulting in a pronounced
multi-scale distribution. Second, distribution towers and other small-scale targets account
for only a limited number of pixels in large-scene remote sensing images. They have
weak feature expression capabilities and are easily affected by background objects (such
as vegetation, buildings, and roads), leading to frequent false and missed detections. In
addition, complex background issues such as variations in illumination, occlusion, and
background noise are common in satellite remote sensing images, further increasing the
difficulty of detecting power towers.

Therefore, to address the inherent limitations in multi-scale feature extraction and
small object optimization mentioned above, this paper proposes MS-YOLO which is a
power tower detection algorithm for satellite remote sensing images based on multi-scale
feature extraction and small object enhancement. The key contributions of this paper are
presented as follows.

1. This paper proposes MS-YOLO for power tower detection in satellite remote sensing
images and incorporates the PKI_Bottleneck module to address the multi-scale chal-
lenge. The contribution of this work lies in integrating the adopted PKIBlock with a
residual detail-preservation path and the dynamic feature fusion (DFF) module, and
embedding the resulting bottleneck into the RepNCSPELAN4 stages of the YOLOv9
backbone. This design preserves fine geometric information while introducing multi-
scale contextual representations.

2. To overcome the challenge of small objects such as distribution towers having a low
proportion of pixels and being susceptible to interference from complex backgrounds,
this paper proposes the dual-branch semantic-spatial synergy attention (DSSA) mod-
ule, which significantly enhances the perception ability for small object power towers.
This module employs a dual-branch architecture to decouple deep semantic informa-
tion from shallow spatial information, thereby preventing feature confusion. Through
deep synergy between spatial details and semantic information, it enhances the net-
work’s localization accuracy and recognition robustness for minute objects.

3. This paper proposes a dynamic focal-weighted IoU (DFW-IoU) loss function that
addresses the issues of low weighting for small targets during training and sample
imbalance between easy and difficult cases, thus improving detection performance.
The loss incorporates dynamically adjusted hyperparameters based on the training
stage, a scale-sensitive weighting term based on the target area, and a dynamic focal
modulation factor. This mechanism encourages the model to place greater emphasis
on small-scale targets and reliable samples during training.

The subsequent sections of this paper are organized as follows. The related work
is described in Section 2. Section 3 proposes the architecture of the improved model,
detailing the structure and principles of the enhanced modules. Section 4 focuses specif-
ically on the experimental design and analysis of the results. Section 5 summarizes
the achievements of this research and outlines future research directions in light of the
limitations of the study.

2. Related Work

This section primarily reviews research progress on multi-scale feature extraction
techniques and object detection loss functions related to power tower inspection.
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2.1. Multi-Scale Feature Extraction in Remote Sensing Images

Feature fusion plays an essential role in mitigating scale variation problems in re-
mote sensing imagery. The FPN offered an effective framework for integrating features
across multiple scales. Subsequently, PANet [19] enhances the propagation of localization
information by introducing bottom-up paths, while BiFPN [20] optimized feature flow
efficiency through a weighted bidirectional fusion mechanism. Additionally, researchers
have extended the receptive field using large-kernel convolutions to extract multi-scale
features, exemplified by SKNet [21], SCNet [22], and LSK-Net [23], which incorporate
large-kernel convolutions and the spatial selection mechanism. However, large-kernel con-
volution may introduce excessive background interference, which can adversely affect the
precise localization of small objects. Conversely, dilated convolutions may unintentionally
miss fine-grained local details, which may result in overly sparse feature representations.
Therefore, the PKINet [24] avoids relying on large-kernel or dilated convolutions to expand
the receptive field. Instead, it captures multi-scale texture features by arranging different-
sized dilation-free, depthwise separable convolution kernels in parallel, then adaptively
fuses these features along the channel dimension to gather local contextual information.
Meanwhile, PKINet adopts the CAA module to model long-range contextual dependen-
cies. By complementing each other, these two modules support adaptive representation
learning from local details and global context, thereby enhancing remote sensing object
detection performance.

In downstream tasks relevant to this paper, multi-scale feature extraction methods
have been widely applied. Zha et al. [25] proposed a group-deformable convolution-based
bidirectional feature pyramid network (GD-BiFPN) and applied it to remote sensing object
detection for transmission towers. Its feature extraction network, built upon GDConv,
performs weighted feature fusion of multi-scale feature maps through upsampling and
max-pooling operations, thereby obtaining richer feature representations. Fu et al. [26]
also developed a feature fusion framework for constructing hierarchical multi-scale feature
representations. Through the top-down path, shallow features are enhanced by deep se-
mantic information, whereas the bottom-up path incorporates shallow details into deeper
feature maps. By fusing features across different layers, the network obtains robust rep-
resentations for multi-scale object detection. Zhu et al. [27] proposed TPH-YOLOVS5, in
which the conventional YOLOVS5 detection heads were replaced with Transformer-based
prediction heads to better handle scale variations in drone aerial images. Zhang et al. [28]
introduced a CAD-Net to model both local and global contextual information by explor-
ing the relationships between objects and the overall scene, as well as their associations
with surrounding objects or features. Shi et al. [29] proposed the LSKF-YOLO to detect
power towers in remote sensing imagery. By introducing a large spatial selective kernel
mechanism and an attention-based feature fusion module, it enlarges the receptive field
to capture richer contextual cues while strengthening the model’s feature representation
capacity. Yan et al. [30] expanded the model’s receptive field using the large separable
kernel attention, providing richer feature details for utility tower localization. Xu et al. [31]
used image super-resolution to sharpen power towers in remote sensing images, and then
performed tower detection using SCOPE-YOLQO, which effectively reduced the number of
small missed objects, but greatly increased the computational load on the model. Although
these approaches partially mitigate the scale issue, they remain insufficient in balancing
the structural integrity of large objects with the preservation of fine-grained features in
small objects.
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2.2. Loss Functions in Object Detection

Within the object detection domain, the loss function defines the discrepancy between
model predictions and ground truth values, directly influencing the model’s optimization
direction and ultimate performance. During the recent period, the evolution of loss func-
tions in object detection has shown a trend from simple geometric distance metrics toward
complex IoU variants and distribution alignment approaches, with the evolution of the
YOLO series models being particularly representative. In early versions of the YOLO series
(e.g., YOLOvV1), bounding box regression primarily relied on mean squared error (MSE) to
directly optimize center coordinates and dimensions. However, this approach neglected
the geometric integrity of the bounding box as a whole and lacked robustness for objects
of varying scales. Subsequently, the introduction of IoU Loss unified evaluation metrics
and loss functions. However, it encountered vanishing gradient issues when prediction
and ground truth boxes do not overlap. To address this, Rezatofighi et al. [32] proposed
Generalized IoU (GIoU), resolving the non-differentiability problem by introducing the
minimum bounding rectangle as a penalty term. Building upon this, to further enhance con-
vergence speed and resolve the limitations of GloU degenerating into IoU Loss, Zheng et al.
successively proposed DIoU [33] and CloU [34], incorporating center point distance and
aspect ratio consistency, respectively. Among these, CloU has been widely adopted in
YOLOv4 and subsequent versions due to its comprehensive nature.

Recent research has further investigated the potential of geometric constraints and
sample quality distribution. Gevorgyan et al. [35] proposed SCYLLA-IoU (SloU), which
innovatively introduced an Angle Cost to accelerate network convergence by reducing
regression degrees of freedom. Tong et al. [36] introduced Wise-IoU (WIoU), featuring a
dynamic non-monotonic focusing mechanism that dynamically allocates gradient gains
based on outlier scores to optimize sample quality. Ma et al. [37] proposed MPDIoU
loss, which regresses the most fundamental geometric properties of bounding box regres-
sion. It achieves alignment by minimizing the direct distance between two key pairs.
Zhang et al. [38] introduced Shape-loU, which improves bounding box regression by for-
mulating the loss based on the intrinsic shape and scale characteristics of the bounding
box. Liu et al. [39] proposed Powerful-IoU to address inappropriate penalty terms in
existing IoU-based loss functions. By integrating target-size-sensitive penalty terms with
anchor-quality-based gradient modulation functions, it achieves faster convergence than
conventional IoU-based loss functions. For power tower detection tasks, most studies
employ either the default detection model loss function or previously proposed losses.
Examples include the Wise-IoU loss used in references [17] and the MPDIoU loss used in
references [29]. These approaches lack task-specific loss function refinements tailored to
the task’s characteristics.

However, existing loss functions often struggle to specifically address the issues of
underweighting small object samples and imbalanced distribution of easy and difficult
samples during dynamic training. This is particularly evident in the task of detecting
power towers in remote sensing imagery, where small-object towers are easily overlooked.
Therefore, designing a loss function that dynamically balances sample weights and focuses
on small objects is crucial for improving detection performance.

3. Proposed Method

The YOLO-based detectors have been extensively used in industrial inspection scenar-
ios because they provide an effective balance between detection accuracy and inference
efficiency, making them representative lightweight object detection frameworks. However,
power pylons in remote sensing imagery typically manifest as minute skeletal structures
and occupy a negligible proportion of pixels with sparse textures. They are highly vulnera-
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ble to interference from complex backgrounds, such as mountain ranges and vegetation,
causing traditional CNN to readily lose critical features during the downsampling process.
However, YOLOvV9 [40] distinguishes itself from other YOLO variants by incorporating
auxiliary reversible branches within its architecture. This facilitates the generation of reli-
able gradient flows, enabling deep networks to preserve the original detail information of
the input images. This mechanism ensures the model can accurately capture easily missed
sparse small objects even within deep feature maps. Given these advantages, YOLOV9 is
adopted as the baseline in this study.

In this study, YOLOvV9s is further optimized for power tower detection in satellite
remote sensing imagery. The improved network is termed MS-YOLO. The model architec-
ture is illustrated in Figure 1. The PKI_Bottleneck module is inserted into the backbone’s
RepNCSPELAN4 layer to enhance the model’s multi-scale feature extraction abilities while
better utilizing contextual information. Secondly, a DSSA module is inserted after the back-
bone, embedding shallow spatial positional information into deep semantic features. This
multi-level feature interaction and fusion improves the model’s perception of small objects.
Finally, the DFW-IoU loss function assigns greater gradient-update weights to small objects
during training, allowing the model to focus small power-tower targets more effectively.
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Figure 1. The architecture of the MS-YOLO model. The PKI_Bottleneck module is introduced into the
RepNCSPELAN4 backbone to improve the model’s multi-scale feature extraction ability. The DSSA
is inserted after the backbone to improve the model’s perception of small objects. The DFW-IoU loss
replaces the original CloU loss, increasing the weight of small objects in gradient updates to focus
more on detecting small objects within power towers.

MS-YOLO is not constructed by arbitrarily stacking independent modules. Its archi-
tecture follows the sequential requirements of feature representation, feature refinement,
and localization optimization in power tower detection. Specifically, the large scale differ-
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ence between distribution and transmission towers first requires the backbone to capture
contextual information under different receptive fields. Therefore, PKI_Bottleneck is intro-
duced into the backbone to enrich multi-scale representations while retaining the original
detail features through a residual path. However, multi-scale contextual enhancement
may also amplify responses from roads, buildings, vegetation, and tower shadows. DSSA
is consequently placed after the backbone to recalibrate the enhanced features, preserve
spatially sensitive responses, and suppress irrelevant background activations. Finally, im-
proved feature representations alone cannot guarantee accurate bounding-box regression
for extremely small towers because their contribution to the conventional regression loss
remains limited. DFW-IoU therefore operates at the optimization level to assign stronger
and dynamically adjusted regression gradients to small and difficult samples. Accordingly,
the three components address different but consecutive stages of the detection pipeline.
PKI_Bottleneck improves what information is extracted, DSSA determines which informa-
tion should be emphasized, and DFW-IoU controls how the detector is optimized. Their
complementary roles form the methodological basis of the proposed MS-YOLO.

3.1. Poly Kernel Inception Bottleneck Module

Power towers exhibit significant scale variations in remote sensing imagery. Specif-
ically, large transmission towers feature complex structures and substantial dimensions,
whereas distribution towers are comparatively smaller, rendering single-scale features
inadequate for comprehensive detection. To address the multi-scale challenge in detecting
power towers within remote sensing imagery, this paper enhances the model’s backbone by
incorporating the PKI_Bottleneck module. This modification improves the model’s ability
to extract multi-scale features of power towers within complex backgrounds.

It should be clarified that the PKIBlock used in this study originates from PKINet [24].
Therefore, the parallel depth-wise convolutions and the contextual attention mechanism
within the original PKIBlock are not claimed as methodological innovations of this work.
Directly replacing the original YOLOV9 bottleneck with PKIBlock, however, may cause
incompatibility between the multi-scale contextual features generated by PKIBlock and the
detailed features propagated through the YOLOvV9 backbone. To address this issue, this
study constructs a task-specific PKI_Bottleneck by combining PKIBlock with a residual
branch and the dynamic feature fusion module. The novelty therefore lies in the structural
adaptation of PKIBlock to RepNCSPELAN4 and in the selective backbone placement
designed for power tower detection, rather than in the original PKIBlock itself.

The primary structure within the PKI_Bottleneck module is the poly kernel inception
block (PKIBlock). Previous approaches have expanded the receptive field of models through
large convolutional kernels or dilated convolutions. Nevertheless, large kernel convolutions
may incorporate irrelevant background responses, potentially compromising the accurate
detection of small objects. While dilated convolutions effectively broaden the receptive
fields, their discontinuous sampling pattern may reduce the preservation of fine local
details and produce relatively sparse feature representations. Unlike these receptive-field
expansion strategies, PKIBlock adopts several parallel depth-wise convolution branches
with different kernel sizes and does not rely on dilation. This design allows dense texture
patterns to be captured under multiple receptive-field ranges, thereby enhancing the
model’s capacity to cope with scale diversity and complex contextual cues in remote
sensing scenes. Furthermore, the CAA mechanism is embedded to model long-range
dependencies, complementing local texture extraction with broader contextual awareness.

As illustrated in Figure 2, PKIBlock consists mainly of two branches, namely the
CAA module and the PKI module. The PKI Module adopts an inception-like architecture,
first employing a small 3 x 3 convolution to capture elementary local texture features.
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Subsequently;, it utilizes four depth-wise convolutions of different sizes (5 x 5,7 x 7,9 x 9,
11 x 11) without dilation in parallel to extract contextual representations under different
receptive-field ranges. This approach avoids the issues of excessive background noise
introduced by large kernels or overly sparse features caused by dilated convolutions.
These multi-scale features are subsequently fused through a 1 x 1 convolution to integrate
information across different scales. In parallel, the CAA is employed to model long-range
contextual dependencies and further enhance global context perception. It first acquires
foundational context through global average pooling, then employs one-dimensional strip
convolution along the vertical and horizontal axes to capture correlations between distant
pixels. The sigmoid function generates attention weights to enhance feature representations
in central regions. Finally, the multiscale local features extracted by PKIBlock synergize
with the long-range contextual cues captured by the CAA module. This enables PKIBlock
to adaptively fuse local details with global context, significantly enhancing its detection
capability for objects with substantial scale variations in power towers within remote
sensing images.

CAA Module

PKI Block PKI Module ¢

PKI Module CAA Module ¢ L ‘

| 3

_ ") (B (o) (el
v

3

——
le—

| I | | |

:\ Sigmoid /
Figure 2. The architecture of PKIBlock module.

Although PKIBlock is capable of effectively capturing multi-scale dense textures, intro-
ducing it directly into the deep architecture of YOLOV9 often leads to semantic mismatches
and feature conflicts between deep abstract semantic information and shallow fine ge-
ometric details. To address this structural incompatibility, this paper does not directly
incorporate the PKIBlock. Instead, by introducing residual connections, it combines the
PKIBlock, 3 x 3 convolution, and DFF module [41] to construct the PKI_Bottleneck module,
as illustrated in Figure 3. Unlike potential feature conflicts or information loss caused
by simple element-wise summation in traditional models, the core concept of the DFF
module is to introduce a nonlinear, content-based weight generation mechanism. It typi-
cally begins by spatially aligning deep features rich in semantic information with shallow
features containing fine geometric details. Subsequently, it utilizes a specific convolution
branch to predict a spatially position-sensitive weight map, which is then normalized via a
sigmoid function. This process enables the model to dynamically learn and assign fusion
ratios across different feature layers for each pixel location in the image. Consequently, it
adaptively enhances the response of effective features while suppressing background noise
in target regions. Ultimately, this pixel-level adaptive weighted fusion generates feature
representations with stronger semantic content and more precise localization.

The introduction of the DFF module within the PKI_Bottleneck architecture enables
adaptive weighting of multi-scale semantic features extracted by PKIBlock and the raw
details of residual paths. This approach not only effectively resolves potential feature
conflicts or information loss caused by simple element-wise summation but also enhances
target region features while suppressing background noise. Consequently, it ensures
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efficient integration and precise transmission of deep contextual information and shallow
geometric details in complex scenes.

DFF
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Figure 3. The architecture of PKI_Bottleneck.

3.2. Dual-Branch Semantic-Spatial Synergy Attention

To address the challenge of feature perception in remote sensing images, where power
tower objects are minuscule and background interference is intense, this paper proposes a
dual-branch semantic-spatial synergy attention module. Designed to improve the model’s
ability to capture small-scale objects and strengthen its feature representation capabilities,
the structure is shown in Figure 4. It should be clarified that DSSA is not intended to
redefine the general concept of spatial-channel attention. Its contribution lies in a task-
specific parallel feature-decoupling structure designed for small and sparsely represented
power towers. Unlike SE, which performs only global channel recalibration, and CBAM,
which sequentially applies channel and spatial attention to the same feature tensor, DSSA
separates the input feature into two channel groups and processes them independently.
This design avoids forcing spatial-detail enhancement and semantic-response recalibration
to operate on the same feature stream.

In the DSSA module, the input feature (Xjyp,;) is first split into two independent
branches, each responsible for carrying shallow spatial information and deep semantic
information. This splitting operation effectively decouples feature processing at different
levels, preventing mutual interference between semantic abstraction and spatial details
within a single path. This enables better integration of multi-level visual cues, laying the
foundation for subsequent precise detection.

During the feature interaction phase, the DSSA module uses differentiated convolution
strategies for different information streams. For branches containing low-level spatial
information, the module utilizes standard 3 x 3 convolutions to extract richer local texture
and shape features through their receptive fields while fully leveraging inter-channel
correlations. Meanwhile, branches that carry high-level semantic information undergo
pointwise convolution processing. The introduction of pointwise convolution not only
significantly reduces computational redundancy but, more critically, avoids information
loss caused by excessive downsampling. This ensures the complete preservation of shallow
spatial positional information, which is crucial for detecting small objects. Subsequently,
each branch generates corresponding channel attention weights and spatial attention
masks through their respective pass-through and spatial paths, and then multiply them
element-wise with the corresponding segmented feature maps to adaptively recalibrate the
feature responses.
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Figure 4. The architecture of DSSA module.

Finally, the two streams of attention-enhanced features are fused through element-wise
addition and pass through a 3 x 3 convolution to produce the final feature representation.
This design enables the DSSA module to achieve deep synergy between spatial details
and semantic information while preserving small-target representations in deeper network
stages. In the power tower detection task, this mechanism significantly enhances the
saliency of tower structures against complex backgrounds while suppressing irrelevant
environmental noise. Consequently, it substantially enhances the model’s localization
accuracy and recognition robustness for minute power towers across multi-scale scenes.

3.3. Dynamic Focal-Weighted IoU Loss

To address the issue of insufficient localization accuracy caused by low regression
weights during backpropagation due to the small proportion of power tower objects in
remote sensing imagery, this paper proposes the DFW-IoU loss function. It aims to optimize
the gradient allocation mechanism during the regression process of the bounding box.
While traditional IoU loss and its variants (e.g., CloU, SIoU) account for geometric factors
like overlap area, center distance, and aspect ratio, they often treat samples of all scales
equally during training. This may cause networks to overfit large objects while neglecting
small power towers and may prevent them from effectively distinguishing between easy
and challenging samples. To address this, DFW-IoU retains CloU’s geometric advantages
while innovatively introducing a scale-sensitive weighting term based on target area and a
Focal modulation term based on regression quality.
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Specifically, the DFW-IoU loss introduces a dynamic hyperparameter r that is epoch-
dependent. Its value gradually decreases linearly with each training epoch, while the
height and width of the bounding box also change accordingly. The formula is as follows:

r(e) = —0.005-e¢+2, e € [0,300]
wy, = wp -r(e), hy, = hy-7(e) 1)
=wg - r(e), hy = hg -r(e)

where e represents the model training epoch, we and hg represent the width and height
of the ground truth box, w, and h; represent the width and height of the prediction
box. In the initial phase, r > 1, causing the bounding boxes to be enlarged. The model
focuses on numerous but lower-quality positive samples to accelerate convergence. As
training progresses, r gradually decreases below 1, causing the bounding boxes to shrink,
as shown in Figure 5. This mechanism aims to reduce the IoU value and amplify the
bounding box regression loss for high-quality predictions with high IoU values, thereby
granting them greater weight in gradient updates. Conversely, shrinking bounding boxes
for low-quality predictions with near-zero IoU values has negligible impact on their IoU.
Conversely, enlarging the bounding box produces the opposite effect. Consequently, the
model’s attention progressively shifts toward high-quality samples, thereby enhancing the
final detection accuracy.

Figure 5. Bounding box scaling in DFW-IoU loss.

To address the issue of small objects receiving disproportionately low weighting in
loss calculations, DFW-IoU first defines a nonlinear area compensation weight wg,,. This
weight is inversely proportional to the actual area of the target bounding box, with the aim
of forcing the network to assign greater gradient responses to small-scale objects during
backpropagation. This scale weight is defined as:

4 2
Wseale = <W> ()

where ¢ is an extremely small number that prevents the denominator from becoming
zero. This term ensures that the smaller objects receive greater weight in gradient updates,
while smoothing out the sharp fluctuations caused by area changes through a square root
transformation. It also significantly enhances the regression weights for small power towers.
Second, to reduce the imbalance between easy and difficult samples, the loss function uses a
dynamic modulation mechanism similar to focal loss. By calculating the IoU value between
the prediction bounding box and its corresponding ground truth box, the focal modulation
factor wyoc, is defined as follows:

Wfocal = (1 - IOU)Z 3)
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When the prediction box overlaps minimally with the ground truth box (i.e., difficult
samples), o, approaches 1, preserving the loss value. Conversely, when the IoU is
high (i.e., easy samples), the weight rapidly decays, thereby directing the model to focus
on optimizing the bounding boxes that are challenging to align. Therefore, it primarily
emphasizes samples that remain difficult at the current training stage rather than directly
increasing the weight of high-quality predictions.

Additionally, to further strengthen geometric constraints, DFW-IoU explicitly in-
corporates an auxiliary penalty term depor based on normalized center distance during
computation. This term constrains center position accuracy and is defined as the ratio of
the squared Euclidean distance between the prediction box center (x;, y») and the ground
truth box center (xg, y¢) to the square of the ground truth box dimensions. The calculation
formula is as follows:

(xp = x0)" + (vp —vg)”
w2 +hZ +e

dcenter = (4)

Finally, the proposed DFW-IoU loss, denoted by Lpry, combines the CloU loss with
the scale-sensitive weight, focal modulation factor, and center-distance penalty. This design
not only achieves pixel-level adaptive hard instance detection and scale rebalancing through
Wscale AN Wocq), but also further accelerates the convergence of prediction boxes toward
ground truth boxes through dgenter. Its calculation formula is as follows:

Lprw = Wseqle * wfocal : (LCIOLI +0.25- dcenter) (5)

Through this multidimensional dynamic weighting strategy, DFW-IoU effectively
improves the model’s ability to detect small power towers in complex backgrounds, signifi-
cantly improving detection robustness while maintaining localization accuracy.

4. Experimental Results and Analysis

This section evaluates the detection capability of MS-YOLO for power tower identifica-
tion in satellite remote sensing imagery through experimental analysis. We first describe the
datasets used, followed by the experimental setup and parameters, as well as the selection
of evaluation metrics. Next, we compare MS-YOLO with other mainstream detection
methods, including robustness experiments and visualization experiments. Finally, this
paper conducts ablation experiments to analyze the impact of individual modules, thereby
validating the effectiveness of the proposed method.

4.1. Datasets and Training

Two datasets were employed in the experiments to comprehensively evaluate the
effectiveness of the improved model. These two datasets are the Satellite Remote Sensing
Power Tower Dataset (SRSPTD) [29] and the Gao Fen Tower Dataset (GFTD) [30].

The SRSPTD dataset originates from images of distribution and transmission towers
collected through the Bass Connections Project at Duke University. This dataset features
extensive coverage, encompassing six representative regions: Arizona, Connecticut, Kansas,
and North Carolina in the United States, as well as Tauranga and Dunedin in New Zealand.
In terms of geographic and environmental characteristics, this dataset is highly diverse,
covering four types of landform: desert, plain, forest, and coastal areas. It also spans
three different population density regions: urban, suburban, and rural. Through prepro-
cessing steps including filtering, cropping, and re-annotation, a satellite remote sensing
power tower dataset comprising 2740 samples was ultimately constructed. The dataset
contains two categories: distribution towers (DT) and transmission towers (TT), strictly
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divided in an 8:1:1 ratio. As shown in Figure 6, the dataset contains power tower samples
collected from different terrain backgrounds and population-density settings.

City Desert Plains Forest Coastal

Figure 6. Sample images from the SRSPTD dataset.

The GFTD dataset was constructed using satellite remote sensing images acquired
by the GF-2 and GF-7 satellites. The selected images mainly cover three high-voltage
transmission corridors, as illustrated in Figure 7. The imagery was collected across the
four seasons of 2023 and 2024 and includes six representative scene types: urban areas,
coastal regions, deserts, plains, forests, and mountainous areas. Through the fusion of
multispectral images with a spatial resolution of 4 m and panchromatic images with a
spatial resolution of 1 m, 1-m-resolution images were generated and further cropped
into patches of 512 x 512 pixels. Since the shadows of power towers usually present clear
geometric characteristics that are strongly correlated with the tower structures, the resulting
label should therefore be interpreted as a tower-shadow composite target rather than a
tower-body-only target. A total of 3000 images were collected and subsequently allocated to
the training, validation, and testing sets at proportions of 70%, 20%, and 10%, respectively.

It should be noted that the original large-scale satellite images were divided into
non-overlapping square patches using regular grid partitioning rather than overlapping
sliding-window cropping. Therefore, different patches do not share pixel regions, and
each annotated tower instance is retained in only one patch. Exact duplicate images and
duplicated tower instances were also checked across the training, validation, and test
subsets. The resulting patches were randomly allocated according to the 8:1:1 ratio for
SRSPTD and the 7:2:1 ratio for GFTD.

To quantitatively illustrate the characteristics and inherent challenges of the power
tower dataset used in the experiments, this paper presents a statistical analysis of the
object bounding box dimensions, as shown in Figures 8 and 9. These figures illustrate
the distribution of object areas for the SRSPTD and GFTD datasets, as well as the joint
distribution of the width and height of the bounding box. For the SRSPTD dataset, the
object area distribution exhibits a pronounced long-tail distribution, with a large number
of instances concentrated below or near the small object threshold (32 x 32 pixels). This
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confirms the widespread presence of distribution towers and their tiny skeletal structures.
Concurrently, the joint distribution of bounding box dimensions reveals a dense cluster
tightly localized within an extremely small region (width < 40 pixels, height < 40 pixels),
whilst scattered points extend up to a height of 140 pixels, highlighting significant scale
variations among objects. In contrast, the GFTD dataset exhibits more dispersed, but
equally challenging, geometric characteristics. It exhibits a broader and more ramified
scatter topology, which not only indicates the presence of intense scale fluctuations, but
also reflects diverse aspect ratios. In summary, statistical evidence strongly supports
the necessity of the proposed model in this paper. The prevalence of minute features
in both SRSPTD and GFTD necessitates enhanced small-object localization capabilities,
whilst the vast scale range validates the urgency of establishing a multi-scale feature
extraction mechanism.

Figure 7. Sample images from the GFTD dataset.
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Figure 8. The distribution map and a width-height scatter plot of the object regions in the
SRSPTD dataset.
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Figure 9. The distribution map and a width-height scatter plot of the object regions in the
GFTD dataset.

During the training, all input images for the models are resized to 640 x 640 to ensure
fairness in the experiments. The number of training epochs is set to 300. The optimizer is
SGD. The batch size is set to 24. The momentum is set to 0.937. The experiments employed
a dynamic learning-rate scheduling strategy, where the maximum learning rate and weight
decay were set to 0.01 and 0.0005, respectively. Mixup and Mosaic were employed as
data augmentation algorithms in model training. The detailed test run environment is
shown in Table 1.

Table 1. Experimental environment and hardware configuration.

Parameter Configuration
CPU AMD EPYC 7453
GPU NVIDIA GeForce RTX 4090 24 G
Running System Ubuntu 20.04.4
Random Access Memory 251G
CUDA Version 12.0
Programming Language Python 3.8.20
Deep Learning Framework PyTorch 1.10.1

4.2. Evaluation Metrics

To provide a quantitative assessment of the improved model for power tower detection
in remote sensing images, mean average precision (mAP) is adopted as the primary indica-
tor of detection accuracy. In addition, the parameters (Params) and GFLOPs are employed
to measure model complexity, since both storage requirements and computational cost are
closely related to the practical deployment efficiency of the detector. The computation of
mAP is based on Precision (P) and Recall (R). Specifically, Precision reflects the proportion
of correctly detected power tower objects among all predicted results, whereas Recall
indicates the capability of the model to identify all ground truth power towers. These
metrics are calculated as follows:

TP
P_TP+FP ©)

TP
R=—" 7
TP +FN @
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where TP denotes the number of positive samples that are correctly classified as positive,
FP indicates the number of negative samples that are mistakenly predicted as positive, and
FN refers to the number of positive samples that are incorrectly classified as negative. AP
measures the detection accuracy for a given category and is defined as follows:

AP — /01 P(R)dR (8)

As an overall evaluation metric, mAP is obtained by averaging the AP of all annotated
classes. A larger mAP score reflects stronger overall detection capability of the model. The
corresponding calculation is defined as:

1 N
AP = —Y AP, 9
m Nz; i ©)

where N denotes the total number of power tower classes contained in the dataset. The
mAP50 metric indicates the mean AP obtained at an IoU threshold of 0.5. In addition to
mAP50, this study reports mAP50-95 to evaluate bounding-box localization performance
under stricter IoU criteria. Specifically, mAP50-95 is obtained by averaging the mAP
values calculated at IoU thresholds ranging from 0.50 to 0.95 with an interval of 0.05.
Compared with mAP50, this metric provides a more comprehensive assessment of both
object recognition and localization accuracy.

4.3. Comparison with Other Models

To evaluate the performance of the proposed method in satellite-based power tower
detection, representative object detectors were first evaluated on the SRSPTD dataset. The
compared methods include the two-stage detector Faster R-CNN, several one-stage YOLO-
based models, and DETR series detection frameworks. The quantitative results obtained
on the SRSPTD dataset are presented in Table 2, followed by the corresponding analysis.

Table 2. Comparative detection performance of different models on the SRSPTD dataset.

Model DT/% TT/% mAP50/% mAP50-95/% Params/M GFLOPs
Faster R-CNN 57.6 71.8 64.7 29.2 28.3 473.2
Deformable-DETR 64.2 68.9 66.6 27.8 40.2 173.3
RT-DETR 58.2 70.8 64.5 19.9 32.8 108.0
RetinaNet 57.3 83.4 72.2 34.7 80.2 77.6
RT-DETRv4 67.7 75.6 71.7 38.7 30.6 91.0
RFE-DETR 71.2 82.2 76.7 39.1 126.0 438.4
YOLOvV5s 67.1 80.1 73.6 37.5 7.0 16.2
YOLOV7-tiny 69.7 76.3 73.0 33.1 12.3 155.5
YOLOvV8s 71.1 74.2 72.6 35.5 11.1 28.6
YOLOV9s 69.7 80.3 75.0 37.8 9.8 39.6
YOLOvV10s 66.6 70.8 68.7 33.6 7.2 21.6
YOLOv11s 67.4 78.6 73.0 37.0 94 21.5
YOLOv12s 70.3 73.6 71.9 36.0 9.1 19.6
YOLOvV13s 66.8 82.3 74.5 37.7 9.0 21.0
YOLO26s 70.3 76.9 73.6 38.6 114 28.6
YOLOvVE-11s 67.0 78.2 72.6 38.4 10.0 21.5
LSKF-YOLO 69.5 83.7 76.6 39.6 23.2 18.5
YOLOv9-GDV 70.6 83.9 77.3 40.5 12.6 40.6
MS-YOLO 74.0 84.1 79.1 419 12.0 41.9

1. For the task investigated in this study, one-stage detectors from the YOLO series pro-
vide a more favorable balance than two-stage algorithms and DETR-based methods,
particularly in terms of detection precision, parameter efficiency, and computational
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cost. This is mainly because two-stage detectors decompose the detection pipeline into
sequential processes, where candidate regions are first generated and then further clas-
sified and localized. In contrast, one-stage detection models eliminate the candidate
proposal stage, transforming the object detection problem into a single end-to-end
regression task. This enables simultaneous object classification and localization within
a single network and generally provides higher inference efficiency. Consequently,
two-stage models suffer from reduced real-time performance and increased parameter
counts and computational demands. DETR-series models employ Transformer-based
architectures for feature extraction, resulting in substantially more parameters than
the one-stage YOLO series, which utilizes convolutions for feature extraction.

2. Within the YOLO series of algorithms, the detection accuracy does not show an up-
ward trend with each new version but instead exhibits significant fluctuations. Among
them, YOLOvV10 [42], YOLOv11 [10], and YOLOv12 [11] demonstrate relatively poor
detection accuracy. This phenomenon may be related to the task at hand, as the
model structures of some versions are not well-suited for detecting power towers in
remote sensing images. Therefore, selecting an appropriate model as the baseline for
this task is essential. As shown in Table 2, among the lightweight YOLO variants
considered during baseline selection, YOLOv9s achieves an mAP50 of 75.0% with only
9.8 M parameters. It provides a favorable balance between detection accuracy, compu-
tational complexity, and architectural modifiability. Therefore, selecting YOLOV9s as
the baseline for this study is feasible.

3. In the table, LSKF-YOLO [29] and YOLOvV9-GDV [43] are specialized models for
detecting power towers in remote sensing images, demonstrating significantly higher
detection accuracy than other baseline models. However, these baseline models still
exhibit low average precision for small-sized objects (DT) on the SRSPTD dataset.
The improved model further optimizes for this issue, achieving the highest detection
accuracy of 74.0% for small objects DT. Simultaneously, MS-YOLO obtains the mAP50
of 79.1% and the mAP50-95 of 41.9% on the SRSPTD dataset, indicating superior
comprehensive performance compared with the other evaluated models.

It should be noted that LSKF-YOLO and YOLOv9-GDV are previous power-tower detec-
tion models developed by our research group and were evaluated using their original internal
project implementations. The common dataset partitions, input resolution, training settings,
and evaluation protocol described above were retained whenever applicable. However,
the complete source code and configuration files used for LSKF-YOLO and YOLOv9-GDV
have not been publicly released. Therefore, although these methods provide highly relevant
task-specific comparisons, their results are not fully independently reproducible.

Figure 10 illustrates the mAP50 curve of MS-YOLO compared to other YOLO variants
during training on the SRSPTD dataset. The training curves show that MS-YOLO achieves
a higher mAP50 than the evaluated YOLO variants under the current experimental settings.
Its mAP50 reaches the highest observed value at approximately 210 epochs and remains
relatively stable during the subsequent training stage.

4.4. Additional Dataset Evaluation and Robustness Experiments
4.4.1. Additional Evaluation on the GFTD Dataset

To further evaluate the performance of MS-YOLO on an additional dataset, additional
comparative experiments were performed using the GFTD dataset. The quantitative results
of the evaluated detection methods are reported in Table 3.
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Figure 10. The mAP50 change curves of MS-YOLO and other YOLO models during training on the
SRSPTD dataset.

Table 3. Comparative detection performance of different models on the GFTD dataset.

Model mAP50/% Params/M GFLOPs
Faster R-CINN 73.2 28.3 473.2
Deformable-DETR 90.4 40.2 173.3
RetinaNet 80.2 80.2 77.6
YOLOv5s 86.8 7.0 16.2
YOLOvV7-tiny 85.5 12.3 155.5
YOLOvS8s 87.6 11.1 28.6
YOLOv9s 92.3 9.8 39.6
YOLOv10s 91.6 7.2 21.6
YOLOv1ls 92.7 94 21.5
YOLOv12s 92.1 9.1 19.6
YOLOv13s 89.5 9.0 21.0
LSKF-YOLO 92.9 23.2 18.5
YOLOv9-GDV 94.6 12.6 40.6
MS-YOLO 95.7 12.0 419

Experimental results show that MS-YOLO exhibits better detection performance than
other detection models in this experiment in complex scenes, with an mAP50 of 95.7%.
Compared to YOLOv9s, the improved algorithm achieves a 3.4% increase in detection
accuracy. Furthermore, MS-YOLO maintains a significant advantage over existing general-
purpose object detection models. Although models like YOLOv11s and YOLOv12s achieve
high accuracies (92.7% and 92.1%, respectively), our method still outperforms them by 3.0%
and 3.6%. Furthermore, when compared against advanced algorithms specifically designed
for utility tower detection, MS-YOLO also performs excellently. Its mAP50 is 2.8% higher
than LSKF-YOLO and 1.1% higher than YOLOv9-GDV.

In summary, MS-YOLO not only performs well on the SRSPTD dataset on the SRSPTD
dataset but also maintains leading detection accuracy on the more complex GFTD dataset.
These results provide additional evidence that the feature fusion module and attention
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mechanism designed in this paper can effectively suppress background noise interference,
and the algorithm also has a certain generalization ability in the GFTD dataset across
different scenes.

Additionally, this paper visualizes the detection results of YOLOv9s (baseline),
YOLOvl11s, YOLOv12s, YOLOv13s [44], and MS-YOLO (improved model) on the SR-
SPTD and GFTD datasets, as shown in Figure 11. Column 1 displays the original images,
while columns 2 through 5 sequentially present detection result visualizations for YOLOv9s,
YOLOvl11s, YOLOv12s, YOLOv13s, and MS-YOLO. The top three rows originate from the
SRSPTD dataset, and the bottom three rows from the GFTD dataset. Both false positives and
false negatives in the visualizations are marked with red circles. Image 1 and Image 2 show-
case the DT category (small objects) on the SRSPTD dataset, which is highly susceptible to
background interference. Both YOLOv9s, YOLOv11s, and YOLOv13s exhibit false positives
or false negatives in both images. However, the improved model correctly detects the
corresponding targets in the illustrated examples. Image 3 demonstrates the simultaneous
presence of large-object TT categories and small-object DT categories within the SRSPTD
dataset. The improved model successfully detects both categories with vastly differing
scales within the same image, whereas YOLOvV9s, YOLOv12s, and YOLOv13s exhibit false
negatives. Images 4 through 6 similarly demonstrate multi-scale and small-object scenarios
involving towers on the GFTD dataset, with Images 4 and 5 additionally presenting densely
distributed power towers. Based on detection visualization results, MS-YOLO effectively
reduces false negatives or false positives observed in other YOLO variants within the GFTD
dataset. This outcome validates the improved model’s ability to prevent detection failures
and misclassifications, confirming the effectiveness of improvement.

Original image YOLOV9s YOLOv11s YOLOv12s YOLOv13s MS-YOLO

Image 3

Image 4

Image 5

Image 6

Figure 11. Sample detection results from YOLOv9s, YOLOv11s, YOLOv12s, YOLOv13s, and MS-YOLO.
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4.4.2. Robustness Evaluation Under Synthetic Fog Conditions

To evaluate the robustness of the detection models under degraded imaging conditions,
synthetic fog was added to the original test images using the atmospheric scattering model.
The classical atmospheric scattering model was employed to generate synthetic fog from
the original test images. The foggy image is formulated as:

I(x) = J(x)t(x) + A(1 - £(x)), (10)

where I(x) and J(x) denote the synthesized foggy image and the original clear image
at pixel x, respectively, A represents the global atmospheric light, and #(x) denotes the
medium transmission. The transmission map is calculated as:

t(x) = exp(—pd(x)), 11)

where d(x) is the normalized pseudo-depth map and p is the atmospheric scattering coeffi-
cient controlling the fog density. A larger value of d(x) results in lower transmission and
stronger fog interference, thereby weakening the contrast, edge, and texture information of
power towers. In this study, different values of § were used to construct light-, medium-,
and heavy-fog test sets, while the original object annotations remained unchanged. Three
fog-density levels were considered, with the scattering coefficient B set to 0.5, 1.0, and
1.5 for light, medium, and heavy fog, respectively. The original annotations were retained
because the fog-generation process did not change the geometric positions of the objects.
Neither YOLOv9s nor MS-YOLO was retrained or fine-tuned using foggy images, allow-
ing the experiment to evaluate their zero-shot robustness to unseen image degradation.
All models were evaluated using the same input resolution, confidence threshold, and
evaluation protocol.

As shown in Table 4, the detection performance of both YOLOv9s and MS-YOLO
gradually decreases as the fog density increases, indicating that fog weakens the edge,
texture, and contrast information of power towers. The mAP50 of YOLOv9s decreases
from 75.0% under clear conditions to 68.1% under heavy fog, corresponding to a reduction
of 6.9 percentage points. In comparison, the mAP50 of MS-YOLO decreases from 79.1% to
73.5%, with a smaller reduction of 5.6%. Under light, medium, and heavy fog, MS-YOLO
outperforms YOLOv9s in mAP50 by 3.9%, 4.9% and 5.4%, respectively, demonstrating that
its advantage becomes more evident as the fog density increases. For small distribution
towers, MS-YOLO achieves AP values of 71.0%, 68.2%, and 64.4% under the three fog
levels, consistently exceeding the corresponding results of YOLOv9s. This suggests that the
proposed multi-scale feature extraction and small-object enhancement strategies preserve
more discriminative information when object features are attenuated by fog. MS-YOLO
also maintains a clear advantage in transmission-tower detection. Notably, the TT AP under
light and medium fog is slightly higher than that under clear conditions, which may be
related to the suppression of some complex background textures by synthetic fog; however,
this phenomenon requires further verification using real foggy imagery. Although MS-
YOLO consistently achieves higher mAP50-95 than the baseline, its value decreases from
41.9% to 37.3% under heavy fog, indicating that severe fog still affects precise bounding-box
localization at stricter IoU thresholds. Overall, these results demonstrate that MS-YOLO
exhibits improved robustness over YOLOvV9s under controlled synthetic fog degradation
on the SRSPTD dataset. However, the experiment does not comprehensively represent
naturally occurring adverse weather, and further validation using real foggy, cloudy, and
low-illumination satellite imagery remains necessary.
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Table 4. Robustness comparison under different synthetic fog conditions.

Model Condition DT/% TT/% mAP50/% mAP50-95/%

YOLOv9s Clear 69.7 80.3 75.0 37.8
Light fog 69.6 79.6 74.6 37.3
Medium fog 65.9 78.1 72.0 36.6
Heavy fog 60.0 76.2 68.1 36.0

MS-YOLO  Clear 74.0 84.1 79.1 419
Light fog 71.0 86.1 78.5 41.4
Medium fog 68.2 85.7 76.9 40.1
Heavy fog 64.4 82.5 73.5 37.3

4.5. Ablation Experiment

Ablation experiments were conducted on the SRSPTD dataset to examine the contri-
bution of each proposed module to the final detection results. The corresponding outcomes
are reported in Table 5. The hyperparameter settings in the ablation experiments were
identical to those in previous experiments. In Table 5, “1/” indicates that the component
was included in the model, while “x” indicates that the component was excluded.

Table 5. Results of ablation experiment.

PKI_Bottleneck DSSA DFW-IoU DT/% TT/% mAP50/% Params/M  GFLOPs FPS
X X X 69.7 80.3 75.0 9.8 39.6 285
vV X X 71.9 82.2 77.1 10.1 40.3 250
X vV X 73.2 80.4 76.8 11.7 41.1 238
X X vV 72.7 81.4 77.1 9.8 39.6 285
vV vV X 73.8 82.7 78.2 12.0 419 217
Vv X Vv 73.1 82.8 77.9 10.1 40.3 227
X vV Vv 72.0 84.3 78.2 11.7 41.1 222
vV vV Vv 74.0 84.1 79.1 12.0 419 217

As shown in Table 5, incorporating the PKI_Bottleneck module into YOLOVYs im-
proves the mAP50 by 2.2% and 1.9% for the DT and TT categories respectively compared
to the baseline, indicating enhanced multi-scale feature extraction abilities. Secondly, while
the introduction of the DSSA module in YOLOV9s did not produce significant improve-
ments in detection accuracy for TT, it increased mAP50 for the small object category DT by
3.5%. This experimental result demonstrates that the DSSA module effectively improves
the model’s recognition capabilities for small objects. Finally, training YOLOvV9s with
the DFW-IoU loss improves AP value for both categories, with a relatively higher gain
observed for the small object category DT. This indicates that incorporating DFW-IoU
loss makes the model more sensitive to small object recognition. Subsequently, pairing
each component in various combinations further enhanced detection accuracy. When all
three components were applied together to YOLOv9s, the model achieved the best overall
performance among the evaluated ablation configurations. Furthermore, as evidenced
by the FPS metrics, the improved model continues to meet real-time requirements on the
evaluated RTX 4090 platform.

To provide a more intuitive efficiency comparison, the inference latency was derived
from the measured FPS as:

Latency = 1000/FPS (12)

Under the same RTX 4090 evaluation environment, YOLOv9s achieves an average
latency of approximately 3.51 ms per image, whereas MS-YOLO requires approximately
4.61 ms per image. Thus, MS-YOLO introduces an additional latency of approximately
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1.10 ms while improving both mAP50 and mAP50-95 by 4.1%. Since FPS and latency are
reciprocal under identical measurement conditions, the two metrics describe the same
inference-time behavior from different perspectives.

The parameter-storage footprint can also be estimated from the parameter count. Un-
der FP32 precision, the model weights of YOLOv9s and MS-YOLO require approximately
39.2 MB and 48.0 MB, respectively, while FP16 storage reduces these values by approxi-
mately half. However, the peak GPU memory consumption cannot be uniquely determined
from Params and GFLOPs because it also depends on intermediate activations, batch
size, numerical precision, framework implementation, operator workspace, and memory-
allocation strategy. Therefore, Params and GFLOPs are retained as hardware-independent
indicators of model complexity. The reported latency and FPS were measured on a desk-
top RTX 4090 GPU and do not directly represent performance on resource-constrained
edge devices.

In this paper, Grad-CAM is employed to analyze the interpretability of the proposed
model. Figure 12 presents the heatmaps generated by the YOLOV9s baseline, the baseline
equipped only with DSSA, and the complete MS-YOLO on the SRSPTD dataset. Com-
pared with YOLOv9Ys, the baseline + DSSA model generally produces more target-centered
and concentrated responses, indicating that DSSA helps suppress irrelevant background
activations while enhancing spatial and semantic features associated with power towers.
For example, in Images 1 and 3, the high-response regions of baseline + DSSA are more
closely aligned with the tower locations than those of the baseline. Nevertheless, residual
responses to roads, buildings, and surrounding textures remain visible in Images 2 and 4,
suggesting that DSSA alone cannot fully eliminate complex background interference. In
contrast, MS-YOLO generates more compact and discriminative activation regions around
the distribution and transmission towers while further reducing responses from vege-
tation, roads, and building structures. The progressive change from the baseline to
baseline + DSSA and then to MS-YOLO indicates that DSSA improves target-focused
feature recalibration, whereas its combination with PKI_Bottleneck further strengthens
multi-scale contextual representation and target localization. These qualitative results
show that the two modules effectively guide the model to focus on critical power tower
features. This improves the model’s interference resistance and localization accuracy in
complex remote sensing scenarios.

This paper also validates the rationality of inserting the PKI_Bottleneck module ex-
clusively into the backbone portion of the model. Table 6 compares the performance of
the RepNCPSELAN4 model with PKI_Bottleneck modules inserted only in the backbone
versus throughout the entire model. The experimental results indicate that incorporating
only the PKI_Bottleneck module into the backbone improves the detection performance
of the model while also decreasing both the parameter size and computational cost. This
confirms the validity of this approach.

Additionally, the effects of different attention modules on detection performance
were further analyzed through comparative experiments, including a baseline model
without attention and models incorporating attention modules such as SE, CBAM, LSKA,
FCM, HFP, and DSSA, to identify the optimal attention mechanism. To ensure a fair
comparison, all attention modules were inserted at the same position after the backbone
and were trained using identical hyperparameters. As shown in Table 7, DSSA improves
the baseline mAP50 from 75.0% to 76.8%, achieving the highest overall mAP50 among the
compared attention mechanisms. It should be noted that SCSA achieves the highest AP
for distribution towers at 74.0%, slightly exceeding the 73.2% obtained by DSSA. However,
its AP for transmission towers decreases to 78.1%. In contrast, DSSA obtains AP values of
73.2% and 80.4% for distribution and transmission towers, respectively, providing a more
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balanced improvement across the two categories. Therefore, the experimental results do
not indicate that DSSA is universally superior in every metric, but demonstrate that its
task-specific parallel design achieves the best overall mAP50 on the evaluated dataset.

Image 1 Image 2 Image 3 Image 4

Original
Image

Baseline

Baseline+
DSSA

Figure 12. Grad-CAM heatmaps of YOLOv9s, YOLOv9s+DSSA, and MS-YOLO for transmission and
distribution towers.

Table 6. Comparison of results between inserting only in the backbone and inserting throughout the
entire model.

Model DT/% TT/% mAP50-95/% mAP50/% Params/M GFLOPs
baseline 69.7 80.3 37.8 75.0 9.8 39.6
entire model 69.9 83.1 39.5 76.5 10.7 40.8
backbone portion 71.9 82.2 41.9 771 10.1 40.3

Table 7. Comparative results of different attention modules in networks.

Attention Module DT/% TT/% mAP50/%

baseline 69.7 80.3 75.0

SE [45] 71.7 80.6 76.2
CBAM [46] 69.1 82.3 75.7
LSKA [47] 70.9 80.1 75.5
SCSA [48] 74.0 78.1 76.1
LEG [49] 70.3 79.6 74.9
FCM [50] 71.9 80.5 76.2
SHSA [51] 71.3 78.7 75.0
DSSA 73.2 80.4 76.8
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To further investigate the contribution of each component in DFW-IoU, a fine-grained
ablation experiment was conducted using the original CloU loss as the baseline. Specifically,
the scale-sensitive weight, focal modulation term, dynamic bounding-box scaling schedule,
and normalized center-distance penalty were individually incorporated into CloU, while
all other model structures and training settings were kept unchanged. The complete DFW-
IoU, which integrates all four components, was also evaluated. As shown in Table 8, the
four components of DFW-IoU exhibit different effects on bounding-box regression. Intro-
ducing only the dynamic scaling schedule r(e) improves DT, TT, mAP50, and mAP50-95
to 71.2%, 81.4%, 76.3%, and 38.5%, respectively, indicating that progressively adjusting
the regression constraints is beneficial for model optimization. The scale-sensitive weight
produces the highest standalone DT among the weighting terms, reaching 71.7%, which
confirms its effectiveness in strengthening the supervision of small distribution towers.
However, its mAP50-95 decreases to 34.1%, suggesting that scale compensation alone may
overemphasize small samples and weaken localization under stricter IoU thresholds. The
focal modulation term achieves an mAP50 of 76.5% and an mAP50-95 of 38.5%, demonstrat-
ing its effectiveness in emphasizing difficult samples. The center-distance penalty increases
TT to 82.6% and mAP50 to 76.7%, although center alignment alone does not consistently
improve high-IoU localization accuracy. Finally, the complete DFW-IoU achieves the best
overall performance, with DT, mAP50, and mAP50-95 reaching 72.7%, 77.1%, and 40.8%,
respectively. These results indicate that the four components provide complementary
effects in small-object weighting, difficult-sample emphasis, dynamic optimization, and
center-position alignment.

Table 8. Fine-grained ablation experiment of different components in DFW-IoU.

r(e) Wscale Weocal dcenter DT/% TT/% mAP50/% mAP50-95/%

- - - 69.7 803 75.0 37.8
v - - - 712 8l4 76.3 385
- v - - 7.7 804 76.2 34.1

- v - 713 8L7 76.5 385
- - - v 708 826 76.7 36.9
v v v v 727 8l4 77.1 40.8

Note: "y/" indicates that the corresponding component is included, whereas "-" indicates that the component is
not included.

Table 9 compares DFW-IoU with several representative IoU-based bounding-box
regression losses under identical experimental settings. Wise-IoU improves TT from 80.3%
to 82.7%, but reduces DT to 68.9%, indicating that its sample-quality focusing mechanism
provides limited improvement for small distribution towers. MPDIoU increases DT to
72.3% and mAP50-95 to 38.8%, whereas its TT and mAP50 decrease to 77.5% and 74.9%,
respectively. Shape-loU achieves the highest TT of 84.1%, but its DT decreases to 67.7%,
showing an evident performance imbalance between the two categories. In comparison,
DFW-IoU achieves the best DT, mAP50, and mAP50-95 values of 72.7%, 77.1%, and 40.8%,
respectively, while maintaining a competitive TT of 81.4%. Compared with the original
CloU loss, these metrics are improved by 3.0%, 2.1%, and 3.0%, respectively. Although
DFW-IoU does not obtain the highest AP for transmission towers, it provides the most
balanced overall performance and demonstrates stronger localization accuracy under
stricter IoU thresholds. This result indicates that the joint use of dynamic scaling, scale-
sensitive weighting, focal modulation, and center-distance supervision is particularly
effective for improving the regression of small and difficult power tower targets.
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Table 9. Comparison of different IoU-based bounding-box regression losses on the SRSPTD dataset.

Loss Function DT/% TT/% mAP50/% mAP50-95/%
CloU (baseline) 69.7 80.3 75.0 37.8
Wise-IoU [36] 68.9 82.7 75.8 38.2
MPD-IoU [37] 72.3 77.5 74.9 38.8
Shape-IoU [38] 67.7 84.1 75.9 39.5
DFW-IoU 72.7 81.4 77.1 40.8

5. Conclusions

This paper aims to mitigate the major challenges associated with power tower detec-
tion in satellite remote sensing images, including substantial scale discrepancies among
objects, indistinct features of small objects, and low regression weights. It proposes an
algorithm for detecting power towers in satellite remote sensing images based on multi-
scale feature extraction and small object enhancement. Through multiple comparative
and ablation experiments on the SRSPTD and GFTD datasets, the following conclusions
are drawn.

1. To address the significant scale variation in power towers, this paper integrates the
PKI_Bottleneck into the backbone. This module uses multiple convolutional kernels
of different sizes to perform feature extraction in parallel and combines this with a
context-based attention mechanism, thereby effectively enhancing the model’s ability
to capture multi-scale contextual cues. Experimental results show that incorporating
this module improves mAP50 by 2.2% for distribution towers (DT) and 1.9% for trans-
mission towers (TT) on the SRSPTD dataset, validating its effectiveness in addressing
scale discrepancies.

2. Toaddress the issue that small object towers are easily missed in complex backgrounds,
this paper proposes the dual-branch semantic-spatial synergy attention. By decoupling
deep semantic information from shallow spatial details, this module improves the
detection performance for small-scale objects while suppressing background noise.
Experimental results demonstrate that the incorporation of DSSA improves mAP50 for
the small object category (DT) by 3.5%, substantially enhancing feature representation
for minute skeletal structures.

3. To address the issue of low regression weights for small objects on the dataset, the
DFW-IoU loss function is proposed in this paper. By incorporating a dynamic focus
modulation factor and a scale-sensitive weighting term based on the target area, this
loss function guides the model to assign greater importance to small-scale objects and
hard samples during optimization. Ultimately, MS-YOLO achieved mAP50 scores
of 79.1% and 95.7% on the SRSPTD and GFTD datasets, respectively, exceeding the
baseline by 4.1% and 3.4%. These results indicate that the proposed method achieves
notable accuracy gains while preserving real-time detection capability.

Despite its competitive performance, MS-YOLO still has several limitations. Its gener-
alization across datasets, regions, sensors, and image resolutions has not been fully verified
because experiments were limited to the standard splits of SRSPTD and GFTD. Although
the synthetic fog experiment demonstrates improved robustness over the baseline, severe
degradation, real adverse weather, occlusion, and extremely small targets still affect de-
tection and localization accuracy. In addition, PKI_Bottleneck and DSSA introduce extra
computational cost, and the reported 217 FPS and 4.61 ms latency on an RTX 4090 do
not directly reflect performance on edge devices. The hyperparameters of DFW-IoU are
also empirically fixed, and their sensitivity requires further investigation. The current
results were obtained under a controlled experimental setup using the same dataset split.
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Most of the experimental results in this study are based on a single experiment, and the
statistical variability under different random seeds has not yet been evaluated. Therefore,
the reported performance differences should be interpreted as point estimates under the
current controlled experimental settings rather than as evidence of statistical significance.
Although the improvements are consistent across datasets, metrics, ablation settings, and
synthetic fog conditions, formal statistical significance cannot be claimed. And the current
datasets were randomly divided at the non-overlapping image-patch level rather than
using scene-wise or geographically independent partitions. Although duplicate images,
overlapping pixels, and duplicated tower instances were excluded, neighboring patches
may still share similar spatial and background characteristics, potentially leading to opti-
mistic performance estimates. Future work will focus on constructing larger cross-region
and cross-sensor datasets, incorporating real adverse-weather and multimodal imagery,
investigating model compression and embedded-platform deployment, and conducting
repeated experiments with different random seeds to report the mean, standard deviation,
and confidence intervals.
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