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A Lightweight Normalization-Free Architecture for
Object Detection in High-Spatial-Resolution
Remote Sensing Imagery

Youyou Li, Yuxiang Fang, Shixiong Zhou, Teng Long

and Farid Melgani

Abstract—High-spatial-resolution remote sensing imagery ap-
plications demand computationally efficient detection methods due
to their massive scale and real-time processing requirements. How-
ever, fast and reliable object detection in high-spatial-resolution re-
mote sensing imagery is very challenging. Global channel-attention
modules are computationally intensive, and batch-normalization
layers incur extra computation, increasing latency for megapixel-
scale inputs. To address these limitations, we propose Lino-YOLO,
a lightweight, normalization-free architecture specifically designed
for resource-constrained remote sensing environments. With only
2.64 million parameters, Lino-YOLO integrates three efficiency-
oriented components. These include coordinate attention, which
enables precise spatial context extraction at minimal computational
cost; dynamic tanh, which eliminates the need for batch normal-
ization and provides lightweight training stability; and wise-IoU,
which optimizes gradient allocation without additional compu-
tational overhead. Our lightweight design achieves remarkable
efficiency, demonstrated by a 7.6 ms inference time on an RTX
4090 GPU, while delivering superior accuracy—93.7% mAP@0.5
on the NWPU-VHR10 benchmark. Comprehensive evaluation
across multiple YOLO families (v8—v11) demonstrates consistent
improvements, with gains ranging from 6.6 to 11.0 percentage
points over their respective baselines. Further evaluation on the
challenging DIOR dataset reveals consistent improvements across
all categories, confirming the effectiveness and robustness of our
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approach. This exceptional performance-to-size ratio makes Lino-
YOLO ideal for large-scale, real-time remote sensing tasks, where
both speed and accuracy are critical.

Index Terms—High-spatial-resolution (HSR) remote sensing
imagery, Lino-YOLO, multicategory object detection.

1. INTRODUCTION

IGH-SPATTIAL-RESOLUTION (HSR) remote sensing
H imagery is now produced at an unprecedented rate through
satellite constellations, such as WorldView [1], Gaofen [2], and
Jilin [3], as well as widespread uncrewed aerial vehicles [4].
These massive datasets support critical applications includ-
ing urban monitoring, disaster assessment, and traffic manage-
ment [5], [6], [7]. Nevertheless, the sheer volume of data creates
unique challenges: to effectively support time-sensitive applica-
tions, such as emergency response and surveillance, processing
frameworks must efficiently handle terabytes of high-resolution
imagery while simultaneously ensuring real-time or near real-
time performance [8], [9], [10].

To meet these demands, recent research has focused on de-
veloping object detection frameworks that are both lightweight
and accurate—ensuring deployment feasibility on edge devices
without compromising detection reliability. One prominent ap-
proach involves adapting established architectures, such as faster
R-CNN through compression techniques, yielding lightweight
variants tailored for optical remote sensing data [11]. Likewise,
various YOLO-based models, such as YOLOvV5 and its deriva-
tives, have been extended to tackle the challenges of remote
sensing scenarios characterized by small object sizes, high object
density, and complex backgrounds [12], [13]. For example,
YOLO-DRS integrates bioinspired spatial modules to improve
multiscale feature extraction, enhancing accuracy across diverse
imaging conditions.

In parallel, methods such as Light-YOLOv4 employ pruning
and quantization to significantly reduce computational load
while maintaining robust detection accuracy [14]. Other efforts,
including HRLE-SARDet and UniConDet, introduce innova-
tive representations and unified learning paradigms to improve
detection performance on SAR and multigrained tasks, respec-
tively [15], [16]. In addition, recent work such as CGK-FSOD
leverages pretrained generative priors to enhance generalization
in few-shot settings [17]. Despite these substantial achieve-
ments, current methods still exhibit several limitations. For
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instance, they often inadequately incorporate positional context,
hindering their ability to discriminate densely clustered or ir-
regularly shaped objects. In addition, computational efficiency
remains a concern, as models frequently depend heavily on
normalization layers and IoU-based variants, such as GloU and
CloU, both of which can negatively impact memory efficiency
and training effectiveness in complex aerial imagery scenar-
ios [18], [19], [20]. Therefore, addressing these challenges by ef-
fectively leveraging positional attention mechanisms, reducing
dependency on normalization layers, and employing dynamic
IoU-based loss functions is highly desirable.

These remaining challenges—in computational efficiency,
spatial precision, and training stability—highlight an unmet
need for a unified, lightweight detector optimized for HSR re-
mote sensing. This clearly motivates our proposed architecture,
Lino-YOLO, which integrates coordinate attention (CA) [21]
for spatial precision, dynamic tanh (DyT) [22] for inference
efficiency, and wise-IoU (WIoU) loss [23] for balanced gradient
propagation.

Specifically, existing remote sensing object detection meth-
ods still encounter several key limitations. Traditional channel-
attention mechanisms heavily depend on global pooling op-
erations, inherently neglecting crucial positional information
necessary for effectively distinguishing densely clustered or
irregularly shaped objects in aerial images. This limitation can
be effectively mitigated by CA, which efficiently encodes po-
sitional context without substantially increasing computational
complexity [24], [25]. Moreover, widely adopted normalization
layers, such as batch normalization, impose significant com-
putational overhead and memory usage, hindering real-time
performance on megapixel-scale remote sensing imagery. This
issue is directly addressed by DyT, which innovatively removes
normalization layers, significantly enhancing computational and
memory efficiency [22]. In addition, conventional IoU-based
loss functions in detectors, such as YOLO (e.g., IoU, GloU,
ClIoU) primarily measure spatial overlap but allocate gradients
uniformly across samples, regardless of localization quality.
This often results in inefficient optimization and degraded per-
formance, especially in dense scenes [26], [27]. To address
this, the proposed method incorporates WIoU [23], which
introduces an uncertainty-aware gradient reallocation mech-
anism. By dynamically downweighting low-quality samples
and emphasizing reliable ones, WIoU improves convergence
stability and detection accuracy under complex spatial distribu-
tions. While these advancements provide substantial improve-
ments individually, integrating these approaches cohesively re-
mains an open research direction, motivating our proposed
method.

Together, these enhancements—CA for improved spatial
accuracy, DyT for greater inference efficiency, and WIoU
for balanced gradient propagation—form the core innova-
tions of Lino-YOLO, a lightweight, normalization-free YOLO
architecture specifically optimized for object detection in
high-resolution remote-sensing imagery. Evaluated using the
NWPU-VHRI10 [28], [29], [30] and DIOR datasets [31], Lino-
YOLO demonstrates superior accuracy, computational effi-
ciency, and robustness compared to existing methods. Our main
contributions are threefold as follows.
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1) Unified Lino-YOLO architecture: We propose Lino-
YOLO by integrating CA, DyT, and WIoU into a unified
plug-in module. This module efficiently captures fine-
grained positional information, removes costly normal-
ization layers, and ensures balanced regression gradients,
resulting in a compact yet highly effective detector partic-
ularly suited for small and densely packed targets.

2) Backbone-agnostic modularity: The proposed module
is easily adaptable across various YOLO architectures
(v8 [32], v9 [33], v10 [34], and v11 [35]), consistently
enhancing performance in both mAP and computational
efficiency without requiring additional hyperparameter
tuning.

3) State-of-the-art performance and efficiency: Comprehen-
sive experimental validation on the NWPU-VHR10 and
DIOR datasets demonstrates that Lino-YOLO consis-
tently surpasses established baseline methods, achieving
superior accuracy, faster inference times, and robustness
across complex, multiscale remote-sensing scenarios.

The rest of this article is organized as follows. Section II

elaborates on the Lino-YOLO methodology, including CA, DyT,
and WIoU. Section III provides detailed descriptions of the
datasets used. Section IV outlines implementation specifics.
Section V presents comprehensive experimental results. Section
VI concludes this article. Finally, Section VII discusses key
insights and future research directions.

II. METHODS

In this section we introduce Lino-YOLO, short for a
lightweight normalization-free YOLO architecture for object
detection in HSR remote sensing imagery that can be integrated
into recent member of the YOLO family. Through theoreti-
cal analysis, we discovered that the combination of CA and
DyT consistently improves detection performance across recent
YOLO variants, leading us to propose this CA+DyT scheme as a
generalizable enhancement for remote sensing object detection.
While YOLOvVI11 is chosen as the primary baseline due to
its recent introduction and strong performance among current
YOLO variants, our extensive experiments (see Section IV)
demonstrate that the proposed scheme significantly improves
detection accuracy across YOLOVS, YOLOV9, YOLOvV10, and
YOLOvI11. The CA moduleinjects alightweight attention mech-
anism that performs two 1-D global encodings (along height
and width, respectively) and reweights the feature map through
elementwise multiplication, thus capturing long-range depen-
dencies while preserving precise spatial cues critical for remote
sensing imagery. Complementing this, the statistic-free DyT
operator replaces conventional batch normalization, eliminating
computational overhead while improving training stability and
detection accuracy. Finally, the WIoU loss reallocates gradient
gain toward medium-quality anchors, reducing regression error
and further boosting overall performance. A schematic overview
of the complete architecture is provided in Fig. 1.

CA is explicitly integrated following the SPPF block within
the YOLO backbone. By doing so we exploit two key merits of
CA—its lightweight design and its ability to capture long-range
dependencies with negligible computational overhead—to boost
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Fig. 1.
detection head.

both efficiency and detection accuracy. Concretely, CA performs
two 1-D global-pooling operations along the height and width
directions, concatenates the resulting descriptors and uses them
to reweight the original feature map, thus reinforcing salient
object cues while preserving precise spatial information.

Given an input feature map X € R€*H*W where C is the
number of channels, and H and W are the height and width
of the feature map, respectively. First, global average pooling
is performed on each channel along the horizontal (channel)
direction to obtain a direction-aware feature map Z;, € RC*H

W-1

Xc (h,1). (1)

i=0

=|~

Among them, z{ (h) is the pooling result of the cth channel at
height h.

Next, global average pooling is performed on each channel
along the vertical direction (height direction) to obtain another
direction-aware feature map Z,, € RC*H

]l
z;(w):ﬁ;x G, w). 2)
Among them, z$, (w) is the pooling result of the cth channel
at width w.
Further, Zj, and Z,, are concatenated along the spatial dimen-
sion, and then feature fusion is performed through a shared 1 x 1

Architecture of YOLOv11 augmented with CA and DyT modules, illustrating how CA is embedded into the backbone and DyT is integrated into the

convolution transformation function F}

f = ReLU (F1 ([Zn, Zw])) ©)
x, ifx>0
ReL.U (x) = {O, otherwise. @

Among them, [Z},, Z,| represents the splicing operation along
the spatial dimension, ReLLU is the nonlinear activation function

[= [fhafw]a

where f is the intermediate fused feature obtained from concate-
nating the direction-aware tensors f;, and f,, along the spatial
dimension. r is the reduction ratio, which is used to control the
size of the block.

Divide f into two independent tensors f}, and f,, along the
spatial dimension

fe R%X(H"FW)

fh c RC/TXH (5)
fo € RY/W, (6)

Apply the 1 x 1 convolution transformations Fj, and F), to
fr and f,, respectively to obtain two attention maps gy, and g,,

gn = o (Fu (fn)) (7)
gw =0 (Fy (fw)) - (8)

Among them, o is the sigmoid activation function, which
is used to limit the output to the range of (0, 1), g, € RCxH
and g,, € REW. Finally, enhance the feature representation
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through the elementwise multiplication operation, and apply the
generated attention maps gy, and g, to the input feature map X
Ye <i>j) = Xc (i,j> Xgﬁ (1) X ggv (J) (€))

Among them, y.(i, ]) is the value at the ¢ channel position (i,
j) in the output feature map Y € RE*H*W,

In summary, the CA mechanism captures the global informa-
tion of the feature map in the horizontal and vertical directions
through two 1-D global pooling operations, while retaining
the position information in each direction. Then, through two
independent convolution transformations, it generates attention
maps along the horizontal and vertical directions, respectively.
Each attention map captures the long-range dependencies of
the input feature map in the corresponding direction. Finally,
apply the attention maps to the input feature map to highlight
the features of the target object and suppress the features of the
background and other irrelevant regions, thereby improving the
detection and recognition ability of the model.

A. Dynamic Tanh

Official YOLO variants insert a batch normalization layer
after most convolutional layers to compute minibatch mean and
variance, normalizing each layer’s inputs to stabilize training
and mitigate internal covariate shift. The main operation steps
are as follows.

For the minibatch of input data, calculate the mean and
variance of each feature channel. Let the input data be X,
where i represents the sample index, j represents the feature
channel index, and the minibatch size is m. Then, the mean ;

and variance o2 are calculated as follows:

J

1
wi=—> X (10)
i=1
1 m
of = o 2 O = 1) (11)

Subsequently, normalize the data within each feature channel
using the computed mean and variance to achieve zero mean and
unit variance

Xij — Hj

,/Uf—&—e

Among them, € is a very small constant used to prevent
division by zero errors.

To maintain the representational ability of the network, the
BN layer applies an affine transformation using learnable scaling
parameter y; and offset parameter 3; after normalization

12)

Xij =

13)

Through the above-mentioned analysis, it can be found that
BN relies heavily on minibatch statistics, making its normaliza-
tion effect sensitive to batch size and introducing discrepancies
between training and inference phases, potentially degrading
model performance. When the minibatch is small, the statis-
tical information is estimated inaccurately, resulting in poor
normalization effects. In addition, BN uses different statistical

Vij =% - Xy + By
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information during the training and inference phases, which uses
minibatch statistics during training and global statistics during
inference. This inconsistency leads to a decline in the model’s
inference performance.

To address these issues, this paper introduces DyT, replacing
BN in YOLO’s neck architecture. By learning an appropriate
scaling factor «v and utilizing the boundedness of the tanh func-
tion to mimic the behavior of BN, it stabilizes the training pro-
cess without calculating the activation statistics and significantly
improves the model’s computational efficiency and detection
accuracy. Its calculation is as follows.

For an input tensor x € RBXT*C scale the input tensor using
a learnable scalar parameter o and perform a nonlinear transfor-
mation through the tanh function

X = tanh (ax) . (14)

Among them, B is the batch size, T is the number of tokens,
and C is the embedding dimension of each token.

Then, apply the learnable parameters + and [ for an affine
transformation

DyT (x) = v - tanh (ax) + 5. (15)

The theoretical basis for DyT replacing BN lies in its ability to
address internal covariate shift—a phenomenon where the distri-
bution of layer inputs changes during training—without relying
on batch statistics. BN mitigates this by explicitly normalizing
activations to zero mean and unit variance, but DyT achieves
similar stabilization through the intrinsic properties of the tanh
function combined with dynamic scaling.

The tanh function, defined as tanh(z) = & :;:’ is bounded
between —1 and 1, which naturally constrains the output range
of activations and prevents explosion or vanishing gradients
that can destabilize training. The learnable scaling parameter «
dynamically adjusts the input to tanh, controlling the “steepness”
of the nonlinearity. For small «, the function approximates a
linear transformation near zero (tanh(ax) = ax), while larger
a pushes activations toward saturation, effectively bounding
extreme values.

This dynamic scaling ensures training stability by adaptively
normalizing the activation distribution. Consider the derivative
of DyT, which governs gradient flow during backpropagation

9 2
— DyT(x) =7 - a - sech”(ax)
ox
where sech? (axx), where sech(z) = 1/ cosh(z) is the hyperbolic
secant function, is always positive and bounded between 0 and
1, ensuring smooth and controlled gradient propagation. Unlike
BN, where gradients depend on batch variance (potentially
noisy for small batches), DyT’s gradients are deterministic and
independent of batch size, leading to consistent behavior across
training and inference.

Furthermore, DyT implicitly centers activations around zero
due to tanh’s odd symmetry (tanh(—z) = — tanh(z)), mim-
icking BN’s mean subtraction without explicit computation.
For inputs following a Gaussian distribution x ~ N (p1, 02), the
effective normalization can be approximated by choosing « o
1/0, scaling the input variance to match tanh’s linear regime

(16)
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(roughly |z| < 1). This adaptive bounding reduces covariate
shift by preventing activations from growing unbounded, as
evidenced by empirical studies showing lower variance in layer
outputs compared to unnormalized networks [22]. In essence,
DyT provides a statistic-free alternative that maintains BN’s
stabilization benefits—bounded activations, centered distribu-
tions, and controlled gradients—while eliminating computa-
tional overhead and batch dependencies, making it suitable for
high-resolution remote sensing tasks where efficiency is critical.

In summary, DyT achieves effective feature transformation
through dynamic scaling, a nonlinear tanh transformation, and
an affine operation. Compared to traditional normalization meth-
ods that rely on batch statistics, this scaling-based approach
offers several advantages: it simplifies computation, reduces
dependency on batch dimensions, and maintains computational
efficiency, thereby enhancing training stability and detection
accuracy. However, a potential drawback of replacing normal-
ization with pure scaling is the loss of statistical normalization
properties, potentially impacting the model’s robustness under
varying input distributions. Nonetheless, the simplicity and ef-
fectiveness of DyT’s scaling operation generally lead to strong
performance with high generalizability [22].

B. Wise-loU

The WIoU loss function uses a dynamic nonmonotonic focus-
ing mechanism to evaluate the quality of anchor boxes based on
the outlier degree. It effectively allocates gradient gains, reduces
the competitiveness of high-quality anchor boxes, and weakens
the harmful gradients generated by low-quality samples [23].
This allows the model to focus on learning ordinary-quality
anchor boxes, thereby improving the overall performance and
generalization ability of the detector. It significantly reduces the
regression error and effectively improves the model accuracy.
The definition of WIoU is as follows:

Lwiou = Liou + Rwiou- (17

Among them, L,y is the loss function based on IoU, and the
calculation formula is
Wi H;

u

LIOUzl—IOUzl—

(18)

Among them, W; and H; are the width and height of the
overlapping part, and S,, is the sum of the areas of the predicted
box and the ground-truth box minus the overlapping area.

R wiou is the penalty term for WIoU, which is used to solve
the gradient vanishing problem and balance the influence of
samples of different qualities. Its definition is as follows [23]:

2 2
X — Xgt Y — Vet
RWIoU:5'<g> +/3'(> .
W Hy

Among them, f3 is the dynamically adjusted focusing coeffi-
cient, which is used to measure the outlier degree of the anchor
box. The calculation formula is

19)

%
_ LIOU

= . 20
LIoU ( )
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Among them, Lj_; is the exponential moving average of Li,u,
which is used to dynamically update the focusing coefficient.
The dynamic nonmonotonic focusing mechanism controls the
influence of anchor boxes of different qualities by adjusting the
gradient gain.
¢ For high-quality anchor boxes (with a small Ly,y), a small
gradient gain is assigned to reduce their excessive influence
on training.

¢ For low-quality anchor boxes (with a large Lio17), a small
gradient gain is also assigned to reduce the interference of
the harmful gradients they generate on model training.

Specifically, the gradient gain r is defined as follows:

Eny
Liou

Among them,  is the hyperparameter that controls the change
of the gradient gain.

In summary, through the dynamic nonmonotonic focusing
mechanism, WIoU reasonably assigns gradient gains, effec-
tively improves the model’s attention to anchor boxes of ordinary
quality, reduces the influence of low-quality samples on training,

and thus improves the positioning accuracy and generalization
ability of the object detection model.

2

C. Synergistic Mechanism of CA, DyT, and WioU

The combined introduction of CA, DyT, and WIoU produces
an architectural variant that raises detection accuracy while
keeping computational cost essentially unchanged. Denote by
F}, the baseline FLOPs of the chosen YOLO backbone. The extra
workload contributed by CA, denoted as Fa can be written as

2C (H + W)
T

Ica = (22)
with C', H, and W the channel, height, and width dimensions,
and r the internal reduction ratio. Because the dominant con-
volutional complexity scales with C' H W, the ratio Fca/Fp, =
O((H + W)/(rHW)) is negligible for common resolutions.
DyT is an elementwise mapping and therefore adds only
Fpyr = 0(C) (23)
which replaces the batch dependent complexity of batch normal-
ization with a constant-time alternative. WIoU modifies only the
training loss and leaves inference unchanged. Consequently
Fiow = Fy + Fca + Foyr = Fy (1 4 0(1)) (24)
so the runtime cost remains effectively constant and realtime
throughput is preserved. Accuracy gains derive from a sequence
of complementary regularizations. CA reweights the input tensor
X with spatial maps g, and g,,, producing Y = X ® g5, ® gy
The variance of Y therefore obeys

Var(Y) < Var(X) ||gn © gu’. (25)
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indicating that representational energy is concentrated on infor-
mative regions. DyT then applies the Lipschitz-bounded trans-
form z — v tanh(az) + 8 with | tanh(az)| < 1; hence

Var(DyT(Y)) < (ya)? {1 — tanh*(aE [Y])] (26)

which prevents activation explosion and yields batchsize-
independent normalization. Finally, WIoU rescales the regres-
sion gradient by a factor r € [0, 1], V Lwiou = 7 V Ljou, thereby
tempering low-quality anchors and preventing the domination of
very accurate ones. The composite Jacobian becomes

oL

% =7 fy(l — tanh? (CkY)) 9h Gw V Liou

so CA channels gradients to salient spatial positions, DyT
ensures nonsaturating flow, and WIoU reallocates learning ca-
pacity to the most informative anchors. This joint condition-
ing explains the empirically observed superadditive gain in
mean average precision (mAP), achieved without perceptible
inference-time penalty.

27

III. MATERIALS

In this study, we employ two representative datasets, namely
NWPU-VHRI10 [28], [29], [30] and DIOR [31], to rigorously
evaluate the performance of our proposed method. Both datasets
are widely recognized benchmarks in the field of remote sens-
ing object detection, featuring diverse object categories, var-
ied scales, and complex backgrounds. Their complementary
characteristics provide comprehensive scenarios for assessing
algorithm robustness, generalization capability, and detection
accuracy under realistic and challenging conditions, making
them ideal choices for validating the effectiveness of our ap-
proach.

A. NWPU-VHRI0 Dataset

The NWPU-VHR10 benchmark is one of the most widely
used test beds for evaluating multiclass object detection in
very-high-resolution remote-sensing imagery [28], [29], [30].
It is composed of 800 RGB scenes collected from Google Earth
and Digital Globe with ground-sampling distances ranging from
0.08 to 2 m and side lengths between roughly 300 and 1500 pix-
els, thereby covering a broad spectrum of spatial scales. Among
them, 650 images contain at least one target while 150 are
deliberately left free of objects to facilitate the measurement of
false-alarm rates. Ten categories—airplane, ship, storage tank,
baseball diamond, tennis court, basketball court, ground track
field, harbor, bridge, and vehicle—are exhaustively annotated
with axis-aligned bounding boxes, yielding 3651 labeled in-
stances. The official protocol follows five-fold cross-validation
and reports mAP at an IoU threshold of 0.5, though fixed
70/30 splits are also common in subsequent studies. Pronounced
intraclass appearance variation, densely packed small objects
such as parking-lot vehicles, and background clutter around
ports and sports facilities make NWPU-VHRI10 a challenging
yet indispensable benchmark for assessing the robustness and
generalization capability of modern detection architectures in
high-resolution aerial scenarios. Fig. 2 illustrates the object
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Fig. 2. Illustration showing examples of the ten object categories in the
NWPU-VHRI10 dataset.

Basketball Court

Storage Tank Court Train Station

Fig. 3.
dataset.

Ilustration showing examples of the 20 object categories in the DIOR

categories in the NWPU-VHRI10 dataset, with example images
directly cropped from the dataset.

B. DIOR Dataset

Images in the DIOR dataset are primarily sourced from
open remote sensing platforms, such as Google Earth, covering
diverse geographic regions and environmental conditions, in-
cluding urban, rural, mountainous, and coastal areas [36], [37].
These images were collected under varying imaging conditions,
weather scenarios, seasons, and image qualities, ensuring data
diversity and representativeness. The spatial resolution of the
images ranges from 0.5 to 30 m. The dataset comprises a total
of 23463 images, with 192472 object instances manually anno-
tated using axis-aligned bounding boxes. This study employs a
uniformly sampled subset, consisting of one-fifth of the training
and validation images from each category. To clearly demon-
strate the model’s capabilities without relying heavily on exten-
sive labeled datasets and to enhance data efficiency, this study
employs a randomly and uniformly sampled subset consisting
of one-fifth of the total images from each category, amounting to
29301images in total [38], [39]. This subset is further divided into
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a training set of 2344 images with corresponding bounding box
annotations and a validation set of 586 images, also accompanied
by bounding box annotations. The dataset includes the following
categories: airplane, airport, baseball field, basketball court,
bridge, chimney, dam, expressway service area, expressway toll
station, golf course, ground track field, harbor, overpass, ship,
stadium, storage tank, tennis court, train station, vehicle, and
windmill. Fig. 3 illustrates the object categories in the DIOR
dataset.

IV. IMPLEMENTATION DETAILS

This section provides a comprehensive description of the
hardware and software environment, dataset preprocessing
pipeline, training hyperparameters, and evaluation metrics
adopted in our experiments.

All experiments were executed on a Linux workstation
equipped with six Nvidia RTX 4090 GPUs. The soft-
ware stack consisted of Python 3.11.8,PyTorch 2.2.2
compiled with CUDA 12.6 and cuDNN 8.9.0.2.

Training and inference were implemented on top of the official
ultralytics/yolo code base, which we extended with
customized CA, DyT, and WIoU modules.

Following the standard practice for NWPU-VHRI10, we
adopted the official training-validation split (70/30) and fur-
ther partitioned the training portion into batches of 36 images.
Each image was resized to 640 x 640 pixels while preserving
its aspect ratio, padding the remaining area with zeros when
necessary. Models were trained for 300 epochs using Adam with
weight decay 0.0005. The initial learning rate was set to 0.01.

Performance was quantified with mAP at IoU thresholds of
0.5 (mAP@O . 5). We additionally report the number of parame-
ters (#Params) and the throughput in frames per second (FPS)
measured on the aforementioned 4090 GPU using a batch size
of 1 and input resolution of 640 x 640. For statistical robustness,
each reported figure is the arithmetic mean over three indepen-
dent runs.

V. RESULTS

This section offers a thorough evaluation of Lino-YOLO
through five complementary lenses. First, we chartlocal variance
curves and precision—recall curves to benchmark overall conver-
gence and classwise performance. Second, attention heatmaps
are visualized across categories to reveal how the CA and DyT
modules sharpen spatial focus. Third, an ablation study on
the lightweight YOLOv11n backbone isolates the individual
and joint contributions of these three components. Fourth, we
provide both qualitative illustrations and quantitative metrics
against strong state-of-the-art detectors. Finally, we test gen-
eralizability by grafting Lino-YOLO onto four recent YOLO
families (v8—v11), showing consistent gains in accuracy and
speed.

A. Performance Comparison Via Local Variance and PR
Curves

This section assesses the model’s performance by analyzing
the local variance curve and the PR curve. The local variance
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curve is used to evaluate the model’s stability, capturing how
consistently the model responds to local variations in the in-
put space. The PR curve, on the other hand, provides insights
into the model’s classification performance, particularly under
imbalanced data distributions.

Fig. 4 visualizes the local variance of training and validation
losses across epochs for three model variants: YOLOvVIIn,
YOLOvVI1In+CA, and YOLOvI1In+CA+DyT. Specifically, it
compares three distinct loss metrics—box_loss, cls_loss, and
dfl_loss—in both training and validation phases. Generally, the
local variance for all loss types initially rises sharply, reaches
a peak within the first 10 to 20 epochs, and then rapidly de-
clines, stabilizing near zero as training progresses. Notably,
YOLOvVI In+CA+DyT consistently demonstrates a higher peak
variance in early epochs for both training and validation losses
compared to the other two configurations, suggesting an initial
phase of more significant optimization fluctuations before sta-
bilizing.

Analyzing further, YOLOV1 In+CA+DyT exhibits faster vari-
ance reduction after the initial peaks compared to the other
models, especially evident in the validation set losses. This
suggests that despite the higher early instability, the DyT variant
effectively stabilizes optimization and converges quickly, pos-
sibly due to improved normalization capabilities. Conversely,
YOLOVI In consistently shows the lowest peak variance across
most loss types but experiences slightly slower variance reduc-
tion afterward. The addition of CA alone (YOLOvI11n+CA)
leads to intermediate variance behavior, indicating enhanced
feature extraction capability relative to the baseline, but without
matching the rapid stabilization offered by integrating DyT.
Overall, these results underscore the beneficial impact of incor-
porating DyT in conjunction with CA, facilitating more effective
and stable training dynamics.

Fig. 5 presents the PR curves for our proposed model com-
pared against five state-of-the-art object detection frameworks
on the NWPU-VHRI10 dataset. The PR curves provide critical
insights into detection performance across different confidence
thresholds. Our model (subplot f) demonstrates superior per-
formance with a consistently higher precision across all recall
values, maintaining precision above 0.9 even at high recall rates
(0.8-0.9). This indicates that our model achieves both high
confidence detections and comprehensive object coverage, sig-
nificantly outperforming the baseline models. In contrast, other
models such as YOLOvS8n (subplot b) and YOLOv9s (subplot
¢) show more rapid precision degradation as recall increases,
particularly in the 0.7-0.9 recall range.

The area under the PR curve, which directly correlates with
average precision (AP), is visibly larger for our model compared
to all competitors. This quantitative advantage is particularly
pronounced for challenging object categories in remote sensing
imagery, such as small vehicles and harbor structures, where
our model maintains high precision even at recall thresholds
where other models falter. RT-DETR-1 [40] (subplot a), despite
its sophisticated transformer architecture, shows competitive
but still inferior performance compared to our approach, es-
pecially in the high recall region. YOLOv10n and YOLOvI1n
(subplots d and e) demonstrate incremental improvements over
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Fig. 5. PR-curve comparison. (a) RT-DETR-1. (b) YOLOv8n. (c) YOLOV9s. (d) YOLOvV10n. (¢) YOLOv11n. (f) Ours.

earlier YOLO versions but still fall short of the balanced
precision—recall tradeoff achieved by our model, which ben-
efits from the synergistic integration of CA, DyT, and WloU
mechanisms.

B. Attention Heatmap Comparison Across Categories

Fig. 6 presents a comparative visualization of attention
heatmaps generated by our model across different object cat-
egories in the NWPU-VHR10 dataset. These heatmaps provide
valuable insights into how our enhanced architecture with CA
focuses on discriminative features compared to the baseline

model. We extracted and merged the attention heatmaps of
six strategic network layers (9, 10, 13, 17, 20, and 23), which
represent key points in our architecture where CA modules were
integrated.

This is particularly evident in the aircraft, ship, and storage
tank categories. Here, the attention is tightly focused on the
object boundaries and distinctive structural features.

For smaller objects such as vehicles and tennis courts, our
model shows remarkable improvement in attention localization.
The baseline model often exhibits diffuse attention patterns that
extend beyond object boundaries, while our enhanced model
produces sharper, more contained attention regions that closely
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Fig. 6.

PR-curve comparison. (a) RT-DETR-I. (b) YOLOvVS8n. (¢) YOLOV9s. (d) YOLOv10n. (¢) YOLOvI In. (f) Ours.

TABLE I
ABLATION EXPERIMENT (PART 1)

CA DyT WiloU Airplane Ship Storage tank  Baseball diamond
- - - 98.5 93.6 98.8 96.6

v - - 98.3 (-0.2) 949 (+1.3) 99.0 (+0.2) 98.7 (+2.1)

- v - 99.2 (+0.7)  94.8 (+1.2) 97.8 (-1.0) 98.7 (+2.1)

- - v 99.4 (+0.9)  96.1 (+2.5) 99.2 (+0.4) 98.5 (+1.9)

v v - 99.3 (+0.8)  96.4 (+2.8) 97.3 (-1.5) 97.9 (+1.3)

v - v 98.9 (+0.4)  91.6 (-2.0)  99.2 (+0.4) 99.1 (+2.5)

- v v 99.4 (+0.9)  94.5 (+0.9) 98.5 (-0.3) 98.7 (+2.1)

v v v 99.5 (+1.0)  96.5 (+2.9) 99.5 (+0.7) 99.1 (+2.5)

align with the actual object dimensions. This improved focus
directly contributes to the enhanced detection performance for
small objects, which are particularly challenging in remote
sensing imagery.

The harbor and bridge categories demonstrate our model’s su-
perior ability to handle complex structures with irregular shapes.
The attention maps show that our model effectively captures
the elongated structures of bridges and the intricate layouts of
harbor facilities, with attention appropriately distributed along
the entire structure rather than just concentrating on certain parts.

These visualizations provide direct evidence of how the CA
mechanism enhances the model’s ability to capture position-
sensitive features by decomposing the spatial attention into two
orthogonal directions. This directional attention proves particu-
larly beneficial for objects with distinctive horizontal or vertical
structures, such as bridges, ships, and buildings, where the atten-
tion maps show clear alignment with these directional features.
The strategic placement of CA modules after layers 9 and 12

enables our model to refine spatial attention at multiple scales,
contributing to the improved detection performance observed
across various object categories.

C. Ablation Study in YOLOvI In

The ablation study presented in Tables I and II demonstrates
the effectiveness of our proposed components: CA, DyT, and
WIloU. The experiment systematically evaluates different com-
binations of these components across ten object categories from
the NWPU-VHR10 dataset.

From Table I, we observe that each individual component
contributes positively to the detection performance. When used
alone, WloU achieves the best performance on airplane (99.4%)
and ship (96.1%), while DyT performs best on baseball diamond
(98.7%). The combination of all three components yields the
highest performance across all four categories, with notable
improvements in ship detection (96.5%, +2.9%) and baseball
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TABLE II
ABLATION EXPERIMENT (PART 2)

Tennis court Basketball court Ground track field Harbor Bridge Vehicle mAP@0.5
83.0 62.9 98.7 85.6 78.5 63.7 86.0
82.2 (-0.8) 54.8 (-8.1) 99.0 (+0.3) 90.0 (+4.4) 799 (+1.4) 62.3 (—1.4) 85.9 (-0.1)
81.6 (-1.4) 63.8 (+0.9) 98.9 (+0.2) 86.9 (+1.3) 84.0 (+5.5) 63.0 (=0.7)  86.9 (+0.9)
82.6 (—0.4) 55.2 (=7.7) 97.0 (-1.7) 844 (-1.2) 83.4 (+4.9) 62.1 (-1.6) 85.8 (=0.2)
82.7 (-0.3) 70.9 (+8.0) 98.4 (-0.3) 91.0 (+5.4) 80.5 (+2.0) 61.8 (-1.9) 87.6 (+1.6)
87.4 (+4.4) 64.5 (+1.6) 98.7 (0.0) 91.2 (+5.6)  75.5 (=3.0) 65.7 (+2.0) 87.2 (+1.2)
84.3 (+1.3) 65.6 (+2.7) 98.6 (=0.1) 88.5 (+2.9) 81.7 (+3.2) 66.6 (+2.9) 87.7 (+1.7)
87.8 (+4.8) 89.7 (+26.8) 98.3 (-0.4) 95.5 (+9.9) 849 (+6.4) 86.6 (+22.9) 93.7 (+7.7)
TABLE IIT
COMPARISON WITH ADVANCED METHODS ON THE NWPU-VHR10 DATASET (PART 1)

Methods Inference (ms) Params (M) FLOPs (G) Airplane Ship Storage tank Baseball diamond
RTDETR-1 [40] 11.3 32.00 103.5 99.1 96.7 97.8 96.9
YOLOVS8n [41] 6.5 2.69 6.8 993 954 99.5 98.8
YOLOV9s [33] 8.6 7.18 26.7 98.1 954 98.2 98.7
YOLOV10n [34] 7.1 2.27 6.5 96.1 91.0 96.5 93.5
YOLOvI11n [35] 7.3 2.59 6.3 98.5 93.6 98.8 96.6

Ours 7.6 2.54 6.4 99.5 96.5 99.5 99.1
TABLE IV

COMPARISON WITH ADVANCED METHODS ON THE NWPU-VHR 10 DATASET (PART 2)

Methods Tennis court Basketball court Ground track field Harbor Bridge Vehicle mAP@0.5
RTDETR-1 [40] 82.0 71.1 98.1 89.2 68.6 738 87.3
YOLOvVS8n [41] 80.4 54.4 98.6 90.5 747 57.6 84.9
YOLOVYs [33] 84.2 62.3 98.6 933 89.8 75.6 89.4
YOLOv10n [34] 78.5 47.8 90.5 70.1  70.0 515 78.5
YOLOv11n [35] 83.0 62.9 98.7 85.6 785 63.7 86.0

Ours 87.8 89.7 98.3 955 849 86.6 93.7

diamond (99.1%, +2.5%). Table II further confirms this trend
across the remaining six categories. The full model with all three
components significantly outperforms partial implementations,
particularly for challenging categories, such as basketball court
(89.7% versus baseline 62.9%) and vehicle (86.6% versus base-
line 63.7%). Overall, the complete model achieves a substantial
improvement in mAP@0.5, reaching 93.7% compared to the
baseline of 86.0%, representing a significant gain of 7.7%.

These results validate our design choices and demonstrate that
CA, DyT, and WIoU are complementary, with their combination
yielding synergistic improvements in detection performance
across diverse object categories. Notably, the full model shows
consistent improvements across almost all categories, with par-
ticularly large gains in challenging objects, such as basketball
court (+26.8%), vehicle (+22.9%), and harbor (+9.9%). This
suggests that our approach effectively addresses the limitations
of existing methods, especially for objects with complex struc-
tures or in cluttered environments.

D. Qualitative and Quantitative Comparison With SOTA
Methods

Tables IIT and IV present a comprehensive comparison be-
tween our proposed method and several state-of-the-art object
detection approaches on the NWPU-VHRI10 dataset. The com-
parison encompasses both efficiency metrics (inference time,

parameter count, and computational complexity) and detection
accuracy across all ten object categories.

In terms of efficiency (see Table III), our method demon-
strates a favorable balance between computational resources and
performance. With only 2.54 M parameters (the lowest among
all compared methods except YOLOv10n) and 6.4 G FLOPs
(second only to YOLOv1l1n’s 6.3 G), our approach maintains
competitive inference speed at 7.6 ms. This positions our method
as a highly efficient solution for remote sensing object detection,
particularly suitable for resource-constrained applications.

Regarding detection accuracy, our method consistently out-
performs all competitors across the first four object categories
(airplane, ship, storage tank, and baseball diamond), as shown
in Table III, with AP scores of 99.5%, 96.5%, 99.5%, and
99.1%, respectively. This trend continues in Table IV, where our
approach demonstrates superior performance in the remaining
six categories, particularly showing significant improvements in
challenging objects, such as basketball court and vehicle com-
pared to lightweight models, suchas YOLOv8nand YOLOv10n.

The overall mAP@0.5 of our method reaches 93.7%, sub-
stantially outperforming all compared approaches, with the next
best being YOLOV9s at 89.4%. This represents a significant
improvement of 4.3 percentage points over the strongest base-
line. These results validate the effectiveness of our proposed
components (CA, DyT, and WIoU) in addressing the unique
challenges of remote sensing object detection while maintaining
computational efficiency.
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Fig. 7. Multiobject detection results on NWPU-VHR 10 dataset. (Part 1).

We present qualitative detection results on ten remote-sensing
object categories using four YOLO backbone versions and
our enhanced model. Each scene is processed by our scheme
and by the baseline YOLOv8n, YOLOvV9s, YOLOvV10n, and
YOLOvVI11n variants. The first figure illustrates detections for
airplanes, ships, storage tanks, baseball diamonds, and tennis
courts on airport ramp and park settings. The second figure
shows results on basketball courts, ground track fields, harbors,
bridges, and road vehicles in more cluttered urban landscapes.

Asshownin Fig. 7, in the airport and park scenes our enhanced
model consistently produces bounding boxes that align tightly
with aircraft and storage tank outlines, capturing even partially
occluded instances with high confidence. Baseline detectors
often miss low-contrast airplanes parked under shadows or pro-
duce loose boxes around circular storage tanks. Tennis courts and
baseball diamonds are detected by all models but ours delivers
the cleanest localization by avoiding spurious boxes on nearby
pavements and greenery.

The urban and waterfront scenes pose a greater challenge due
to small object size and complex backgrounds. As is shown in
Fig. 8, our model recovers every basketball court outline, even
when court lines are faded or obscured by trees. It encloses
the ground track field with precise corners instead of the loose
fits seen in the baseline outputs. In harbor scenes our scheme
separates adjacent boats and clearly delineates dock edges
without merging nearby vessels. Bridge spans are fully covered
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YOLOvV9s YOLOVIOn YOLOvlln

by coherent boxes, while the baseline models frequently frag-
ment long structures into multiple detections. On busy roads our
model locates more vehicles and places tighter boxes around
each car, addressing the common issue of missed or merged
detections.

These visual comparisons underscore how combining CA,
dynamic tanh transformations and WIoU loss leads to stronger
recall and sharper localization across architectures. The largest
gains appear on small, crowded or irregularly shaped objects
where vanilla YOLO struggles most. Consistent improvements
on both older and newer backbones demonstrate the general
applicability of our enhancements. By refining feature maps
and bounding-box regression our approach delivers robust and
accurate detection in challenging high-resolution aerial imagery.

E. Generalization Evaluation of the Proposed Scheme Across
SOTA YOLO Variants

To assess the effect of integrating CA, DyT, and WIoU loss
into the YOLO detection framework, we conducted experiments
on the generalization split of the NWPU-VHR 10 remote sensing
dataset using four backbone versions from eight through 11.
We compared the original YOLO model against the enhanced
variant in terms of overall mAP and per-class AP across ten
object categories. The first figure presents the aggregate mAP
improvements achieved by each backbone, while the second
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Fig. 8. Multiobject detection results on NWPU-VHR 10 dataset. (Part 2).
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Fig.9. AP comparison of the baseline YOLO detectors and the proposed CA+DyT+WIoU-enhanced YOLO models across ten remote-sensing object categories.

figure illustrates the AP changes for each category and highlights
the areas that benefit most from our enhancements.

InFig. 9, abreakdown of per-class AP for the ten remote sens-
ing categories—airplane, ship, storage tank, baseball diamond,
tennis court, basketball court, ground track field, harbor, bridge,
and vehicle—reveals that the most challenging classes receive
the largest benefits. Vehicle detection on version ten increases
from 51.5% to 76.5%. Harbor and bridge categories each show
improvements exceeding 10.0% in AP. By contrast, categories
with near-saturating baseline performance, such as airplane,
storage tank, and ground track field exhibit more modest gains

of around 2%-3%, reflecting a diminishing-returns effect when
initial AP is already very high.

As is shown in Fig. 10, the enhanced model significantly
outperforms its vanilla counterpart on every backbone. On
version eight, mAP rises from 84.9% to 93.6%, an absolute
gain of 8.7 percentage points. Version nine’s baseline mAP of
89.4% increases to 96.0% after enhancement, yielding a gain
of 6.6 points. Version ten, experiences the most pronounced
improvement, climbing from 78.5% to 89.5% for an 11.0-point
increase. Even the recent architecture, version eleven, improves
from 86.0% to 93.7%, achieving a gain of 7.7 points. These
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TABLE V
PERFORMANCE COMPARISON OF YOLO MODELS ON CATEGORIES 1-10 IN THE DIOR DATASET. (PART1)

Method Airplane  Airport Baseball Basketball Bridge Chimney Dam  Expressway Expressway Golf mAP@50
field court service area toll station course
YOLOVS [32] 74.6 67.0 99.5 45.0 59.6 99.5 59.7 65.3 99.5 46.9 70.5
YOLOVS8+ 76.2 73.6 99.5 67.4 59.7 99.5 78.6 69.1 99.5 77.0 78.9
YOLOV9 [33] 78.0 58.7 99.5 59.5 54.6 99.5 458 57.7 99.5 61.8 73.0
YOLOV9+ 80.7 70.3 99.2 70.5 79.8 99.5 80.6 79.7 99.5 75.2 81.9
YOLOV10 [34] 69.1 57.9 99.0 52.8 55.3 93.3 60.0 70.8 99.5 56.7 68.9
YOLOvVI10+ 73.2 63.1 99.5 57.2 54.6 99.5 65.1 75.5 99.5 46.5 75.2
YOLOv11 [35] 71.8 50.0 100.0 41.1 60.0 100.0 60.0 61.2 90.4 429 67.8
YOLOvI1+ 75.4 62.2 99.5 66.4 64.3 99.5 76.2 67.5 99.5 67.0 79.0
Tables V and VI present a detailed comparison of baseline
© 8 ~ YOLO models (YOLOvVS, YOLOvV9, YOLOv10, YOLOvVI1)
1.0 o | o 3 S 3 3 S against their enhanced counterparts (denoted with “+”) across all
§ = p = ® 20 DIOR object categories. The results demonstrate consistent
08 N and substantial improvements across all backbone architectures,
' with the enhanced models achieving superior performance in
both individual class AP and overall mAP (mAP@50).
Q06 Examining the per-class performance improvements, several
< patterns emerge that highlight the effectiveness of our proposed
£ modifications. Categories with complex geometric structures or
0.4 small object instances show the most pronounced gains. For in-
stance, basketball court detection improves dramatically across
all models, with YOLOv9+ achieving 70.5% AP compared to
0.2 59.5% for the baseline YOLOVY, representing an 11-point im-
provement. Similarly, expressway service area detection benefits
significantly from our enhancements, with YOLOvV9+ reaching
0.0 79.7% AP versus 57.7% for the baseline, demonstrating the
v8 v9 v10 vll

I Original YOLO — CA+DyT+WIoU+YOLO

Fig. 10. mAP comparison between the baseline YOLO detectors and the
CA+DyT+WIoU-enhanced YOLO models.

results demonstrate that combining CA, DyT transformation,
and WIoU loss leads to consistent and substantial performance
gains, regardless of backbone age or design.

Overall, our scheme leverages CA to focus on to focus on
wider and deeper feature maps, DyT to introduce adaptive
nonlinear transformations and WIoU to refine bounding-box
regression. This combination markedly improves YOLO’s gen-
eralization ability at both the global and per-class levels. The
enhancements are especially pronounced for detecting small,
densely packed or irregularly shaped objects, thereby offering
robust performance in complex real-world scenarios.

F. Generalization Evaluation of the Proposed Scheme on the
DIOR Dataset

To further validate the generalizability of our proposed en-
hancements, we conducted comprehensive experiments on the
DIOR dataset, which presents additional challenges with its
diverse object categories and varying imaging conditions [31].
The DIOR dataset contains 20 object classes, providing a
robust testbed for evaluating the transferability of the proposed
improvement scheme.

enhanced model’s superior capability in handling irregularly
shaped infrastructure objects.

The bridge category consistently shows substantial improve-
ments across all architectures, with YOLOv9+ achieving 79.8%
AP compared to 54.6% for the baseline YOLOV9. This 25.2-
point improvement underscores how CA helps the model focus
on linear structures that span across image regions, while DyT
provides adaptive feature transformations that better capture the
varying appearances of bridges in different contexts. Golf course
detection also benefits markedly, with improvements ranging
from 10 to 20 percentage points across different YOLO versions,
indicating enhanced capability in detecting large, textured areas
with subtle boundaries.

Analyzing the overall mAP@50 improvements, YOLOv9+
demonstrates the most substantial gain, increasing from 73.0%
to 81.9% (8.9-point improvement), followed by YOLOv11+
with an improvement from 67.8% to 79.0% (11.2-point improve-
ment). YOLOv8+ and YOLOvV10+ also show consistent gains
of 8.4 and 6.3 percentage points, respectively. These results
confirm that our proposed enhancements provide robust and
transferable improvements across different YOLO architectures
and datasets, validating the generalizability of the CA, DyT, and
WIoU integration for remote sensing object detection tasks.

YOLO models (YOLOvV8, YOLOvV9, YOLOv10, YOLOv11)
are evaluated against their improved counterparts (YOLOv8+,
YOLOV9+, YOLOvV10+, YOLOvVI11+) across all categories of
the DIOR dataset. Due to the considerable length of the resulting
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TABLE VI
PERFORMANCE COMPARISON OF YOLO MODELS ON CATEGORIES 11-20 IN THE DIOR DATASET. (PART2)

Method Ground track field Harbor Overpass Ship Stadium Storage tank Tennis court Train station Vehicle Wind mill mAP@50
YOLOVS [32] 72.6 61.4 66.1 960 995 78.7 87.9 24.5 34.1 72.9 70.5
YOLOV8+ 80.9 63.8 68.0 983 995 79.7 95.9 58.5 44.7 89.1 78.9
YOLOVY [33] 87.0 57.1 653 982 972 79.2 922 41.3 41.8 86.1 73.0
YOLOV9+ 90.4 63.4 629 988 995 80.6 97.1 61.0 50.0 98.3 81.9
YOLOVI10 [34] 53.6 57.6 563 938 995 74.6 89.8 27.1 34.2 77.1 68.9
YOLOvV10+ 88.9 52.0 67.8 965 995 80.3 96.7 68.4 40.7 79.1 75.2
YOLOv11 [35] 63.6 62.1 63.6 969 100.0 73.5 80.5 40.0 284 70.0 67.8
YOLOv11+ 95.9 59.1 65.0 984 995 80.6 95.8 70.7 422 96.1 79.0
YOL
Imagel
Image2
Image3
Image4
Image5
Image6
Fig. 11. Performance comparison of YOLO models across all categories of the DIOR dataset. (Part 1).

visualizations, the evaluation is presented in two separate Figs.
11 and 12. Fig. 11 compares YOLO models (YOLOvS, v9,
v10, v11) against their improved counterparts (YOLOvV8+, vO+,
v10+, v11+) across six example images (images 1-6) from the
DIOR dataset. Overall, we observe that the enhanced versions
consistently exhibit improved detection performance.
Specifically, the enhanced YOLO variants (particularly
YOLOV9+, YOLOV10+, and YOLOvV11+) demonstrate superior
detection accuracy for smaller or partially occluded objects in
images 1 and 2, with bounding boxes that more precisely align
with object boundaries. In images 3 and 4, the improved models
significantly enhance the recall of smaller, densely clustered
objects, resulting in fewer missed detections and reduced false
predictions. Furthermore, the advanced YOLO models exhibit
clearer object delineation in complex scenes or terrains with

ambiguous boundaries, as evident in images 5 and 6. These
enhancements reflect a refined capability to effectively address
scale variations and background complexity.

Fig. 12 further extends the comparison with images 7 through
13, representing diverse scenarios and varying levels of detection
complexity: Improved YOLO variants (particularly YOLOv10+
and YOLOvV11+) achieve better precision in crowded environ-
ments. Objects are more consistently and precisely detected,
suggesting improvements in addressing object overlap and clut-
ter in images 7 and 8. YOLO improvements manifest clearly
in enhanced bounding box accuracy and reduced false positives,
particularly in scenarios featuring sparse or linear-structured ob-
jects in images 9 and 10. Improved YOLO models again demon-
strate increased recall, notably detecting challenging small-
scale objects that baseline models miss in images 11 and 12.
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YOLOv8+ YOLOV9

Image8

Image9

Imagel3

Fig. 12.

All enhanced YOLO models display marginal improvements,
with better localization and fewer ambiguous detections in
image 13.

VI. CONCLUSION

We have presented Lino-YOLO, a normalization-free,
lightweight adaptation of the YOLO family tailored for high-
resolution remote sensing. By embedding CA directly into fea-
ture maps, replacing batch normalization with a learnable DyT,
and refining bounding-box regression via WloU, Lino-YOLO
requires only 2.54 million parameters and processes a 640 x 640
image in 7.6 ms on an RTX 4090. On the NWPU-VHR10 bench-
mark it achieves 93.7% mAP0.5—a 7.7-point improvement over
the YOLOV11n baseline—while delivering the largest gains on
small, densely packed and irregularly shaped objects.

Our comprehensive evaluation demonstrates Lino-YOLO’s
effectiveness across multiple dimensions: local variance analysis
reveals superior training stability with faster convergence, PR
curves show consistently higher precision across all recall val-
ues, attention heatmaps confirm enhanced spatial focus on crit-
ical object features, and ablation studies validate the synergistic
contributions of each component. The backbone-agnostic design

YOLOv9+ YOLOv10
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enables seamless integration across YOLO families (v8—vl11),
consistently delivering accuracy and speed improvements. Fu-
ture work will evaluate Lino-YOLO on larger and more diverse
aerial benchmarks, extend its normalization-free paradigm to
transformer-based architectures, and explore further compres-
sion techniques for edge deployment scenarios. With code and
pretrained weights released, we anticipate Lino-YOLO will
serve as a robust foundation for efficient, accurate object de-
tection in large-scale Earth-observation systems and real-time
remote sensing applications.

VII. DISCUSSION

This work introduces Lino-YOLO, a novel adaptation of the
YOLO architecture specifically designed for HSR sensing object
detection. Our comprehensive evaluation reveals several key
insights about the synergistic interactions between the proposed
components and their implications for the broader field of com-
puter vision.

A. Component Interactions and Architectural Innovations

The integration of CA, DyT, and WloU represents a carefully
orchestrated enhancement to the YOLO architecture. Our local
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variance analysis demonstrates that while the combination of CA
and DyT initially introduces higher optimization fluctuations, it
ultimately leads to faster convergence and superior stability. This
apparent paradox can be explained by the complementary nature
of these components: CA enhances spatial feature representation
by embedding positional information directly into feature maps,
while DyT provides adaptive normalization that responds dy-
namically to the varying statistical properties of remote sensing
imagery.

The elimination of batch normalization through DyT is partic-
ularly significant for remote sensing applications, where batch
statistics may not adequately capture the diverse spectral and
spatial characteristics of aerial imagery. Our results show that
this normalization-free approach not only reduces computa-
tional overhead but also improves training stability, as evidenced
by the rapid variance reduction after initial epochs. The WloU
component further refines this synergy by providing more accu-
rate bounding box regression, particularly crucial for the small
and densely packed objects common in high-resolution remote
sensing datasets.

B. Implications for Remote Sensing Object Detection

The 7.7-point mAP@0.5 improvement over YOLOv1 1n base-
line, achieved with only 2.54 million parameters, represents
a significant advancement in the efficiency—accuracy tradeoff
for remote sensing applications. The PR curve analysis reveals
that Lino-YOLO maintains precision above 0.9 even at high
recall rates, indicating robust performance across diverse object
categories and scales. This is particularly valuable for opera-
tional remote sensing systems where both comprehensive object
coverage and high confidence detections are essential.

The attention heatmap visualizations confirm that our ar-
chitectural modifications successfully enhance spatial focus on
critical object features, addressing a key challenge in remote
sensing where objects of interest often occupy small portions of
large images. The backbone-agnostic design ensures that these
improvements can be readily adopted across different YOLO
variants, providing a flexible foundation for various deployment
scenarios.

C. Broader Impact and Innovation Significance

Our work contributes to the growing body of research on
efficient deep learning architectures for resource-constrained
environments. By integrating DyT, CA, and WIoU into a uni-
fied scheme within the YOLO framework, we leverage the
normalization-free paradigm introduced by DyT, which chal-
lenges conventional assumptions about the necessity of batch
normalization in modern CNN architectures. The achieved in-
ference time of 7.6 ms on RTX 4090 hardware demonstrates the
practical viability of our combined approach for real-time appli-
cations, which is crucial for time-sensitive remote sensing tasks,
such as disaster response and environmental monitoring [42].

The consistent improvements across YOLO families (v8—
v11) validate the generalizability of our design principles, sug-
gesting that the identified architectural patterns may be applica-
ble to other object detection frameworks beyond YOLO. This
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cross-family compatibility is particularly valuable for practi-
tioners who need to adapt existing systems without complete
architectural overhauls.

D. Limitations and Future Directions

While Lino-YOLO demonstrates significant improvements
in remote sensing object detection, several limitations warrant
consideration for future research. The current evaluation fo-
cuses primarily on datasets with limited object categories—
NWPU-VHR10 contains ten classes and DIOR contains 20
classes—whereas real-world remote sensing applications often
require detection of more object types [43]. This scalability
challenge becomes particularly pronounced when considering
the vast diversity of infrastructure, vehicles, natural features, and
humanmade structures visible in high-resolution satellite and
aerial imagery. In addition, the class imbalance issues inherent
in remote sensing data become more severe as the number of
categories increases, potentially affecting the effectiveness of
existing methods.

Future research directions could explore the transition from
Euclidean to hyperbolic geometric spaces for multicategory
object detection. This would leverage the superior hierarchi-
cal properties and search efficiency of hyperbolic geometry
to enhance performance in complex multiclass remote sensing
scenarios [44], [45]. This exploration could include developing
hyperbolic embeddings for category relationships to better cap-
ture the natural taxonomic structures inherent in remote sensing
object classes, creating hyperbolic-aware attention mechanisms
that exploit the exponential growth properties of hyperbolic
space for more efficient feature representation. Such investi-
gations could unlock new paradigms for handling the inherent
hierarchical nature of remote sensing data while maintaining the
computational efficiency for real-world deployment.

While our experiments demonstrate the effectiveness of the
proposed modules (CA, DyT, and WIoU) across various YOLO
variants, their modular design suggests potential applicability
to other object detection frameworks, such as RetinaNet and
CenterNet. CA, as a lightweight spatial attention mechanism,
can be readily integrated into the feature extraction backbones of
diverse detectors to enhance spatial awareness [21]. Similarly,
DyT serves as a normalization alternative that could replace
batch normalization layers in any CNN-based architecture, po-
tentially improving efficiency in models, such as RetinaNet,
building on its recent success in eliminating normalization in
transformer-based systems. WloU, being a bounding box re-
gression loss, is agnostic to the specific detection paradigm and
could optimize localization in keypoint-based detectors, such
as CenterNet, with similar IoU variants already explored in
dense object detection contexts including RetinaNet and ATSS.
Preliminary literature supports this generalization potential, and
future investigations will explore these integrations to broaden
the impact of our approach.

Although the current evaluation focuses on standard comput-
ing environments, the lightweight nature of Lino-YOLO, with
only 2.54 million parameters and 6.4 GFLOPs, positions it well
for deployment on edge devices, such as NVIDIA Jetson TX?2
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and AGX Xavier, which are designed for real-time Al processing
inresource-constrained scenarios, such as remote sensing drones
or satellites. Existing frameworks, such as ultralytics for YOLO
models, provide straightforward pipelines to export models
to TensorRT format, enabling optimized inference on Jetson
hardware with minimal latency. For instance, similar YOLO
variants have been successfully deployed on Jetson TX2 for
real-time object detection, achieving viable frame rates through
TensorRT acceleration, despite the device’s limited 256 CUDA
cores and 8 GB memory. On the more powerful AGX Xavier,
with up to 512 CUDA cores and higher TOPS, Lino-YOLO
could leverage enhanced parallel processing for even faster
inference in high-resolution imagery. This edge deployment
capability would demonstrate the model’s practical utility for
on-device processing in remote areas, reducing reliance on cloud
infrastructure; future work will include empirical benchmarks on
these platforms to quantify performance metrics, such as FPS
and power consumption.
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