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Abstract

Unmanned Aerial Vehicles (UAVs) are increasingly used in key applications such as

surveillance, search and rescue. However, due to the small scale of objects, clut-

tered backgrounds, and inherent information loss, accurate object detection from a

high-altitude perspective is still a major challenge. Although two-stage detectors

can provide high accuracy, their high computational costs are not suitable for real-

time edge deployment. In contrast, the most advanced single-stage detectors, such

as YOLOv10, often fail to capture small objects because the deep pyramid structure

loses key spatial details in the downsampling process. In order to overcome these limi-

tations, this paper proposes a systematic optimization framework for small object de-

tection in high-altitude imagery. We first introduce FemtoDet-P2, which combines the

MambaOut backbone network with a high-resolution P2 detection head. As a high-

precision baseline, this architecture verifies that strengthening early feature extraction

is crucial to solving the problem of feature vanishing, even if structural redundancy is

introduced. Based on this, we propose LSCNet to balance the trade-off between de-

tection accuracy and computational efficiency. LSCNet eliminates the redundancy in

the baseline model and enhances multi-level feature fusion by constructing a shallow

feature cascade and introducing a lightweight attention mechanism. This lightweight

design ensures that advanced deep learning models can be efficiently deployed on

resource-constrained UAV platforms without compromising their ability to identify

small objects in complex environments.
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Chapter 1

Introduction

1.1 Motivation & Challenge

Unmanned aerial vehicles are becoming more and more common in a number of

applications, such as precision agriculture, traffic monitoring, search, rescue, and

surveillance. In these tasks, the system needs to accurately distinguish motorcycles,

pedestrians and cars from an aerial perspective to optimize traffic flow. Similarly, in

maritime search and rescue operations, it is vital to identify life jackets or swimmers

on the vast sea surface to save lives. These objects usually appear only as small points

in the image, so detecting them is a significant task.

However, due to a number of intrinsic challenges, object recognition from aerial

perspectives continues to be a major hurdle in computer vision. Objects captured by

UAV platforms often exhibit extremely small scales. These objects also experience

significant information loss due to motion blur, ambient interference, and changing

lighting conditions. Accurate detection is especially difficult because of the high-

altitude viewpoint, which introduce complicated background clutter and notable size

fluctuations.

Historically, object detection has relied heavily on manually designed features,

such as Haar cascades[7] or Histograms of Oriented Gradients (HOGs)[8], combined

1
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with traditional classifiers such as Support Vector Machines (SVM). Although these

methods lay the foundation for computer vision, they rely on manual feature engi-

neering. The emergence of convolutional neural networks (CNNs) has completely

changed this situation. They can automatically learn hierarchical features directly

from the original pixel data, without manual design, and significantly improves the

detection accuracy in complex environments[9].

Although two-stage detectors like Faster R-CNN [10] have high accuracy, their

huge computational cost and slow inference speed are not suitable for real-time pro-

cessing on drones. Similarly, although Transformer-based models such as RT-DETR-

R18 [11] have global receptive fields, they usually perform poorly in small object

detection because their architecture may lose important spatial details during the

downsampling process. In contrast, single-stage detectors, especially the YOLO (You

Only Look Once) series, are more suitable for edge deployment by balancing speed

and accuracy [12]. Among them, YOLOv10 [13] reduces inference latency by elimi-

nating the non-maximum suppression (NMS) post-processing required by traditional

YOLO, rendering it an ideal choice for resource-constrained environments. However,

although the computational efficiency of YOLOv10 is very high, the results of rec-

ognizing small objects in aerial images taken by UAVs are not satisfactory. This is

because deep pyramid models lack the ability to extract and utilize early informa-

tion suitable for small objects[14]. YOLOv10 is mainly designed for natural images

(such as the COCO dataset [15]), where objects are clear and located in the center

of the image. Our empirical analysis shows that the model wastes a large amount

of computational resources on the deep pyramid to extract high-level semantic ab-

stractions, which are largely redundant for tiny, pixel-limited objects typical in drone

perspectives.
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1.2 Research Objectives

The main objective of this thesis is to systematically study the optimization of small

object detection for high-altitude UAV platforms, propose a lightweight solution based

on commonly used YOLOv10 architecture, and compare it against the state-of-the-art

methods[2, 16, 17].

1.3 Thesis Contributions

The two main contributions of this work are as follows:

• We utilize MambaOut as the backbone to enhance the model design for early

feature recognition. This model forms the basis for the optimization strategies

that will be used in developing a lightweight solution for small object detection.

• We introduce LSCNet, a specialized architecture designed for UAV-based small

object detection. Based on our empirical analysis, we identified that deep fea-

ture extraction layers are redundant for small objects. This streamlined frame-

work is supported by three core innovations: the LoGStem module, the SAOK

module, and the DyHead module. These components work together to enable

LSCNet to achieve a balance between inference efficiency and high-precision

detection. We perform a comprehensive evaluation and comparison on Vis-

Drone2019 [18] and UAVDT [19] benchmark datasets, benchmarking our model

against state-of-the-art lightweight models. The thesis work has resulted in the

following journal paper:

Z. Wang, A. Nayak, “LSCNet: A Lightweight Shallow Feature Cascade Network

for Small Object Detection in UAV Imagery”, Future Internet 17 (12), 568, 2025.
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1.4 Thesis Organization

The remainder of this thesis is organized as follows.

• Chapter 2 provides an overview of fundamental concepts relevant to this re-

search, including Neural Networks, the evolution of YOLO, challenges in aerial

small object detection, LoG edge detection, and Transformers.

• Chapter 3 reviews the related work and literature. It discusses the evolution of

feature pyramid networks, analyzes the specific challenges of small object detec-

tion in aerial imagery, and surveys recent advancements in attention mechanisms

and State Space Model (SSM).

• Chapter 4 presents FemtoDet-P2, an architecture that investigates the ”efficient

backbone + heavy neck” design strategy.

• Chapter 5 presents LSCNet, the core contribution of this thesis. Based on

the research results in Chapter 4, this chapter introduces the Shallow Feature

Cascade strategy. This strategy removes the redundant deep pyramid layer

and integrates the LoGStem, SAOK and DyHead modules, thus achieving the

optimal balance between detection accuracy and model efficiency.

• Chapter 6 presents the comprehensive evaluation of the proposed models. It de-

tails the implementation environment and evaluation metrics, and discusses the

experimental results on the VisDrone2019 and UAVDT benchmarks, including

ablation studies and comparisons with state-of-the-art lightweight models.

• Chapter 7 concludes this thesis with a summary of key findings and discusses

possible future research directions.



Chapter 2

Background

2.1 Neural Network

Neural Network is a machine learning technique that uses artificial neurons to simulate

how biological neurons in the human brain work. The basic element of each neural

network is the artificial neuron which consists of three components: weights and

biases, summation function, and activation function.

As shown in Figure 2.1, each neuron is embedded with one summation function

and one activation function; the summation function is usually a linear regression

function with weight and bias, while the activation function provides non-linearity

transformation for the summation output. Suppose a given input sample has n fea-

tures, denoted by a vector X = [x1, x2, . . . , xn]
T . Each input feature xj is associated

with a weight wj, and the neuron has an inherent bias term b. The linear summation

function for this neuron is defined as:

y =
n∑

j=1

wjxj + b (2.1)

A neural network is made up of layers of interconnected nodes (neurons). The

5
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Figure 2.1: Structure of an Artificial Neuron

signal obtained by the linear summation is fed forward into a non-linear activation

function.

Figure 2.2 illustrates the architecture of a simple neural network. In this Multi-

Layer Perceptron (MLP), perceptrons are arranged in interconnected layers. The

input layer is responsible for collecting input patterns. The output layer contains

classifications or output signals that may be mapped to by input patterns. In the

middle, there is a hidden layer. Hidden layers adjust the input weightings until the

neural network’s margin of error is as little as possible by experiments.

2.2 Supervised Neural Network Models

Using a data set to train the supervised learning algorithm, the Multi-Layer Percep-

tron (MLP) can learn a function f(X) : Rm → Ro, where m represents the number

of dimensions for input and o shows the number of dimensions for output.

The MLP can learn a non-linear function for classification or regression tasks.

Compared to logistic regression, it can discover the hidden relationships between
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Figure 2.2: A Simple Neural Network with Layers[3]

input features and the output through its hidden layers. As shown in Figure 2.2, the

input layer contains the features, followed by non-linear layers in the middle.

The benefits of MLP are significant; it is capable of modeling complex non-linear

relationships. However, there are some drawbacks: MLP is sensitive to feature scaling

and requires tuning a large number of hyperparameters, such as the number of hidden

neurons, layers, and iterations.

2.3 Convolutional Neural Networks

The emergence of Convolutional Neural Networks (CNNs) revolutionized object de-

tection. Inspired by the human visual cortex, CNNs automatically learn hierarchical

features directly from raw pixel data, eliminating the need for manual feature engi-

neering.

A typical CNN architecture shows in Figure 2.3, which consists of two primary

stages: feature extraction and classification. In the feature extraction phase, the
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Figure 2.3: The structure of CNN[4]

convolution layers apply kernels to capture local patterns such as edges and textures,

followed by ReLU activation to introduce non-linearity, and pooling layers to reduce

spatial dimensions while preserving essential information. The final output is obtained

through a SoftMax activation function, thus providing a probabilistic distribution of

the classes.

2.4 Cross Stage Partial Network [1]

As the depth of convolutional neural network increases, the computational burden

becomes the main bottleneck that restricts its deployment on edge devices (such as

UAVs). In order to solve this problem and improve inference speed, Wang et al.

proposed Cross Stage Partial Network (CSPNet). CSPNet has a profound influence

on the development of modern object detectors, especially YOLO series. The core

design concept of CSPNet is to solve the problem of duplicate gradient informa-

tion in the deep network. In traditional convolutional networks (such as ResNet or

DenseNet), the backpropagation of gradients often involves a lot of repeated calcu-

lations, resulting in a waste of resources. CSPNet optimizes this process through a

cross-stage partial connection strategy. Specifically, it divides the feature map of the

basic layer into two parts: one part of the feature map continues to extract deep

features through the original path of the convolution layer, and the other part of
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the feature map directly skips the middle layer and concatenates with the processed

features at the end of the phase. This design brings three key advantages: Gradient

flow is enhanced: by separating and merging feature paths, the gradient information

of different paths is more abundant, and the feature learning capability is improved.

Significantly reduces the amount of computation: because only part of the feature

map enters the computationally intensive convolutional block, the number of param-

eters and FLOPs of the model are significantly reduced, which is very suitable for

resource constrained UAV platforms. The accuracy is maintained: the experiment

proves that CSPNet does not sacrifice the detection accuracy while maintaining a

lightweight architecture. Because of this, the design concept of CSPNet has become

the cornerstone of backbone network design in YOLOv4, YOLOv5 and subsequent

versions (including the architecture referenced by the baseline model of this study),

providing the necessary architecture foundation for real-time small object detection.

2.5 Object Detection

Object detection is a fundamental task in computer vision that involves identifying

and localizing objects of interest in an image or video. Unlike image classification,

which assigns a single or multiple labels to the entire image, object detection provides

class labels and spatial coordinates (usually bounding boxes) for multiple objects.

This technology supports a wide range of applications, including autonomous driving,

surveillance, medical imaging, and augmented reality.

There are four major categories of image recognition tasks in computer vision:

• Classification: Given a picture or a video, determine what category of objects

it contains.

• Localization: Locate the location of this object.

• Detection: Locate the location of the object and know what the object is.
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• Segmentation: It is divided into instance segmentation (Instance-level) and

scene segmentation (Scene-level).

Our task is the third type of object detection, detecting the location and category

of the object in the picture. In the history of object detection, the early methods relied

on hand-crafted features, such as Haar cascades or histograms of oriented gradients

(HOG), combined with classifiers such as support vector machines (SVMs). In 2014,

R-CNN[20] was the first to introduce a region-based method with CNN features,

significantly improving the accuracy of object detection. Generally, these tasks are

divided into two-stage and one-stage methods.

Two-stage object detection technology, such as R-CNN[21] and its variants (Fast

R-CNN, Faster R-CNN[22]), Faster R-CNN first uses a Region Proposal Network

(RPN) in the first stage to generate potential object candidate regions. In the second

stage, these candidate areas are then sent to a deep convolutional network for feature

extraction, and the category and precise location of the object are finally determined.

The advantage of dual-stage object detection is that through two-stage processing,

objects in the image can be more accurately located and classified. However, the dis-

advantages are also obvious. When generating a large number of regional proposals in

the first stage, computing resources are consumed greatly, which may not be efficient

enough in real-time applications.

Single-stage object detection has gained widespread application in recent years

due to its real-time processing capabilities. For example, YOLO (You Only Look

Once)[23] and SSD (Single Shot MultiBox Detector)[24] predict the category and

location of the object directly from the image through a separate neural network

model, omitting the region proposal stage in the traditional two-stage method. The

main advantage is their efficiency, they enable faster inference without sacrificing

too much accuracy, which makes them ideal for applications that require real-time

processing.
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In recent years, significant progress has been made in object detection technology,

including Transformer based models (such as DETR [25]), which can improve the se-

mantic processing ability of models according to the long-range dependency modeling

capability of self-attention, so as to improve the detection accuracy of models. With

the continuous development of object detection technology, small object detection and

handling occlusion in complex environments are still worthy of further exploration.

2.6 Small Object Detection

Small object detection is one of the most challenging subtasks in computer vision,

especially in the UAV aerial photography scene. According to the general definition of

MS COCO dataset, objects smaller than 32×32 pixels are classified as Small Objects.

From a UAV perspective, due to the high flying altitude, the size of ground vehicles

and pedestrians is often much smaller than this standard, and may even be less than

16× 16 pixels.

The main challenges are as follows: Feature Vanishing, Low Signal-to-Noise Ratio

and Position Sensitivity. Modern convolutional neural networks usually include mul-

tiple downsampling operations, such as P5 layer with Stride=32. For a small object

of 16× 16 pixels, after five downsampling, there may be less than one pixel of infor-

mation left in the deep feature map, or even disappear completely. Small objects are

very sensitive to the regression error of bounding box. Small pixel-level deviation will

lead to significant performance degradation in IoU calculation. Also, small objects

cover very few pixels, and their appearance features are easily submerged by complex

background textures, such as vegetation, road markings, which makes it difficult for

the detector to distinguish between foreground and background.

Therefore, extracting features from the edges of small objects is crucial.
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2.7 Fundamentals of Edge Detection

Edge detection is a basic operation in image processing, which aims to identify areas

with sharp changes in image brightness, which usually correspond to the contours of

objects. In UAV aerial images, because the object size is very small and vulnerable

to motion blur, clear edge features are essential for accurate object localization. The

Laplacian is a second-order differential operator, which is used to detect intensity step

changes in images. For the image I(x, y), its Laplacian definition is

∇2I =
∂2I

∂x2
+

∂2I

∂y2
(2.2)

Laplacian operator is very sensitive to noise, and its direct application to aerial

images with high noise may result in a large number of false edges. Laplacian of

Gaussian (LoG): In order to solve the problem of noise sensitivity, Marr and Hildreth

proposed the Gaussian Laplacian operator [26]. The method first uses a Gaussian

function to smooth and denoise the image, and then uses the Laplacian operator to

extract the edge. This combines the noise reduction ability of Gaussian smoothing

and the edge localization ability of second-order differential. The mathematical form

of the LoG operator can be expressed as:

LoG(x, y) = − 1

πσ4

ï
1− x2 + y2

2σ2

ò
e−

x2+y2

2σ2 (2.3)

When processing low quality or blurred UAV images, the LoG operator can effec-

tively enhance the edge features of the object and suppress high-frequency background

noise, which is also the theoretical basis for introducing the LoGStem module in the

shallow feature extraction phase of this study.
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2.8 Evolution of the YOLO Series

The YOLO series exemplifies the advancement of single-stage detectors:

• YOLOv1: Introduced the regression-based approach, offering speed but lower

accuracy.

• YOLOv2: Incorporated anchor boxes and multi-scale training to improve preci-

sion.

• YOLOv3: Utilized Darknet-53 and Feature Pyramid Networks (FPN) for en-

hanced multi-scale detection.

• YOLOv4: Integrated optimizations such as CSPNet [1] and PANet [27].

• YOLOv5: Improved usability and performance (unofficial release).

• YOLOv6 and YOLOv7: Further refined architecture and training strategies.

• YOLOv8: Combines CNN efficiency with Transformer-inspired attention mecha-

nisms, achieving state-of-the-art performance.

• YOLOv9: Introduced Programmable Gradient Information (PGI) and General-

ized Efficient Layer Aggregation Network (GELAN) to address information bottle-

neck issues in deep networks.

• YOLOv10: Proposed an NMS-free training strategy via consistent dual assign-

ments and a holistic efficiency-accuracy-driven model design, significantly reducing

inference latency.

• YOLOv11: Refined the backbone with C3k2 blocks and integrated C2PSA at-

tention mechanisms to achieve superior feature extraction efficiency and parameter

optimization.
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• YOLOv12: Adopts an attention-centric architecture (e.g., Area Attention), maxi-

mizing the potential of attention mechanisms within real-time constraints to surpass

CNN-based limitations.

This study focuses on YOLOv10 as the baseline model for small object detection,

even though the YOLO series has progressed to YOLOv11 and YOLOv12.

YOLOv8 and YOLOv10 currently serve as the most stable industrial baseline with

established extensibility. We specifically investigate YOLOv10 due to its NMS-free

training strategy. In small object detection scenarios, objects often appear in dense

clusters. Traditional NMS tends to suppress valid adjacent objects; YOLOv10’s dual

assignment strategy fundamentally mitigates this issue, making it highly relevant for

our research objectives.

While YOLOv11 and v12 show improvements on COCO benchmarks, their ad-

vancements focus on general feature extraction efficiency rather than addressing the

specific feature vanishing challenges of small objects. Furthermore, the newest itera-

tions lack the extensive community validation of YOLOv8 and v10.

2.9 Transformer

The Transformer architecture, initially proposed for natural language processing,

relies on a self-attention mechanism to capture long-range dependencies within se-

quential data.[5] Unlike recurrent neural networks, Transformers process input se-

quences in parallel, enabling efficient training and scalability. The core component,

self-attention, computes weighted relationships between all elements in a sequence,

allowing the model to focus on relevant parts of the input.

As shown in Figure 2.4, each encoder layer consists of two main sub-layers: a multi-

head self-attention mechanism and a feed-forward neural network, both followed by an

”Add & Norm” step that applies residual connections and layer normalization. The

decoder mirrors this structure but includes an additional masked multi-head attention
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Figure 2.4: The structure of attention mechanism[5]

sub-layer to prevent attending to future tokens, ensuring auto regressive generation.

The attention mechanism, central to the Transformer, computes a weighted sum of

input embeddings based on their relevance, determined by query, key, and value

vectors derived from the input. Specifically, for an input sequence of length n, the

self-attention mechanism calculates attention scores as

Attention(Q,K, V ) = softmax

Å
QKT

√
dk

ã
V,

where Q, K, and V are the query, key, and value matrices, and dk is the dimension

of the keys.

Positional encodings are added to the input embeddings to retain sequential in-

formation, enabling the Transformer to model long-range dependencies efficiently.

The output of the decoder is passed through a linear layer and softmax to produce

probability distributions over the token vocabulary.
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Figure 2.5: The structure of ViT[6]

2.10 Transformer in Computer Vision

The Vision Transformer (ViT)[6] is a groundbreaking technology in the field of com-

puter vision. It adopts the Transformer architecture, which was originally used pri-

marily for natural language processing. The core innovation is to decompose images

into small 16× 16 image patches, treating them as elements in a sequence, similar to

words in text processing.

As illustrated in Figure 2.5, an input image is first divided into fixed-size patches,

which are then flattened and linearly projected into a sequence of embeddings. A

learnable class token is prepended to the sequence to capture global image infor-

mation, and positional embeddings are added to retain spatial information. This se-

quence is fed into a stack of Transformer encoder layers, each consisting of multi-head

self-attention and a multi-layer perceptron (MLP), with normalization and residual

connections applied at each step.

The self-attention mechanism allows ViT to model relationships across all patches,

enabling it to capture global context effectively. After processing through the L

encoder layers, the class token’s output is passed through an MLP head to produce

the final classification probabilities. In addition to traditional attention, recent studies

have also used the gating mechanism to simulate selective attention.



Chapter 3

Related Works

3.1 Challenges in Aerial Imagery and Feature Pyra-

mids

Object detection in UAV aerial imagery requires balancing high precision for tiny

targets and low computational cost for edge deployment. This is primarily due to the

extreme scale variations, specific viewing angles, and complex backgrounds inherent

in aerial image recognition scenarios, as well as the constraints of UAV endurance and

onboard equipment. In this section, we review related literature across three dimen-

sions: multi-scale feature representations, small object detection in aerial imagery

and attention mechanisms.

The evolution of the YOLO series has progressed alongside the development of fea-

ture pyramids, from YOLOv3 [28], which first used the FPN concept, to later YOLO

versions [13, 29–31] that integrated PANet’s bottom-up pathway architecture. From

this evolutionary trajectory, we can see how YOLO has continuously adapted to pyra-

midal architectures. Today, the YOLO series has become a representative example

of feature pyramid networks. Most notably, YOLOv10 [13] eliminates non-maximum

suppression (NMS) and introduces efficient architectural designs to minimize latency.

17
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However, when these models developed for general tasks are applied to drone aerial

scenarios, their deep structures often lose fine features due to downsampling.

To overcome the resolution limitations of generic detectors, researchers have de-

veloped specialized strategies for high-altitude aerial imagery. Early approaches such

as ION [32] utilized context-aware mechanisms, called spatial recurrent neural net-

works, to address the issue of insufficient feature resolution. Relation Networks [33],

meanwhile, enhanced feature discriminability by modeling appearance and geometric

relationships. Another direction incorporates super-resolution techniques that gen-

erate fine details of small objects at higher resolutions, demonstrated by Perceptual

GAN [34] and MTGAN [35].

3.2 Attention Mechanisms and Transformers

Beyond feature pyramids, recent advancements employ Transformer architectures and

attention mechanisms to capture global context. Vision Transformer (ViT)[6] is a

groundbreaking technology in the field of computer vision. It adopts the Transformer

architecture and was originally mainly used for natural language processing. The core

innovation is to decompose images into small 16 × 16 image patches, treating them

as elements in a sequence, similar to words in text processing. These image patches

are then converted to embedding vectors through linear projection and fed into a

standard Transformer encoder. Furthermore, ViT introduces position embedding to

preserve the position information of image patches. ViT is also widely used in object

detection tasks.

In the specific domain of aerial imagery, these Transformer-based methods have

shown promise but also limitations. More recently, studies have increasingly turned

to Transformer-based architectures. The reason is purely CNN-based methods often

suffer from limitations in processing global contextual information. In this domain,

DETR [36] and UAV-DETR [37] have demonstrated robust performance by effec-
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tively capturing global dependencies. To further address the specific challenges of

UAV imaging, several hybrid approaches have been proposed. For instance, RingMo-

Lite [38] employs a dual-branch structure combining CNNs and Transformers, and

Hyneter [39] utilizes a hybrid backbone with dual-switching modules to fuse local

data with global dependencies. Similarly, AST [40] introduces a pyramid structure to

jointly learn local details and global dependencies at various scales. Collectively, these

studies demonstrate the potential of integrating attention mechanisms with feature

pyramid structures. However, these methods bring substantial computational over-

head. Context modeling and GAN-based generation significantly increase inference

latency, while Transformers typically demand extensive GPU memory and computing

power.

To mitigate the computational cost of Transformers, lightweight attention mech-

anisms are preferred. Lightweight attention mechanisms resolve the conflict between

feature enrichment and computational constraints. Channel attention methods, such

as SENet [41] and Efficient Channel Attention (ECA) [42], adaptively recalibrate

feature channels to emphasize informative representations. ECA, in particular, is

highly efficient, avoiding dimensionality reduction through local cross-channel in-

teraction. Beyond channel-wise refinement, unified frameworks like Dynamic Head

(DyHead) [43] integrate scale-aware, spatial-aware, and task-aware mechanisms to

coherently optimize representation across multiple dimensions.

3.3 Vision Mamba and Mambaout

The computational complexity of the traditional Transformer self-attention mecha-

nism is quadratic with the length of the image sequence. This means that the larger

the image, the greater the amount of computation and memory consumption. Vi-

sion Mamba (Vim) [44] is a vision backbone network based on bidirectional Mamba

modules. Its core advantage is to reduce the complexity from quadratic to linear.
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Mamba initially [45] achieved success in the field of natural language processing and

was rapidly applied to computer vision. Mamba architecture demonstrates that re-

current neural network (RNN) can effectively model long sequences by compressing

historical data into fixed-size states. Native Mamba is designed for language models,

which is unidirectional (only the previous information can be seen). Vim introduces

bidirectional design to model image sequences from both forward and reverse direc-

tions to capture bidirectional global visual context. Vim embeds the position into the

sequence to enhance the spatial awareness of the model.

However, MambaOut [46] questioned the value of Vim in visual recognition tasks.

There are two main arguments. First, Mamba’s recurrent mechanism perfectly matches

the causal relationship of language. Because in a language, the current lexical element

is strictly dependent on the previous lexical element. In contrast, visual recognition is

a non-causal ”understanding” task. We humans can see the whole image at the same

time, and the same is true of the model, and each pixel is spatially associated with its

adjacent pixels in all directions, not just those preceding it in the flattened sequence.

In other words, each pixel exhibits a multidirectional spatial correlation with its neigh-

bors, rather than a strict left-to-right causal dependency. Forcing non-causal image

data into the causal sequential processing flow will impose unnecessary restrictions,

and the static characteristics of images cannot be utilized. Second, Mamba’s state

space model (SSM) memory mechanism is ”lossy memory”. When dealing with ex-

tremely long sequences, it exchanges linear computational complexity for a fixed size

of hidden state. The authors of MambaOut calculated that the standard ImageNet

input (224× 224) corresponds to a very small number of tokens (about 196). At this

length, the computing overhead of the Transformer is completely acceptable, with-

out sacrificing memory integrity for efficiency. Only in high resolution tasks (more

than 4000 tokens) can the sequence length be enough to make Mamba’s efficiency

advantage appear.

Vision Mamba essentially adds a state space model (SSM) module based on the
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Gated CNN framework, while MambaOut removes the SSM component and retains

the pure Gated CNN framework. Although the authors of MambaOut found that

SSM is beneficial to long sequence detection tasks, in the UAV small object detection

scenario, we pay more attention to the improvement of detection speed brought by

Gated CNN and the high-resolution spatial information provided by P2 layer, so

we choose to trade a degree of the global context modeling capability in exchange

for higher efficiency and better shallow feature representation. For the small object

detection task, only using Gated CNN module is enough to meet the demand, and can

significantly improve the running speed. Beyond feature extraction, the Gated CNN

dynamically modulates feature weights according to context, effectively suppressing

background noise while enhancing relevant signals.



Chapter 4

FemtoDet-P2: YOLOv10 based

Small Object Detection Framework

4.1 Introduction

Now in the field of high-altitude object detection, in order to enable edge devices

such as UAVs to carry airborne models to achieve real-time object detection. Stan-

dard detectors, including the YOLO series, aggressively downsample input images to

reduce computational load. While effective for large objects, this approach proves

detrimental for aerial objects that occupy fewer than 16× 16 pixels, as these objects

physically vanish after multiple pooling operations. This is also a major challenge in

current detector design. Early features provide substantial benefits for accuracy, but

excessively high resolution increases computational overhead. How to balance accu-

racy and model computational cost is a critical problem that needs to be addressed for

small object detectors, particularly for UAV-mounted models. This chapter will pro-

pose a FemtoDet-P2 model based on YOLOv10 to address these issues. The specific

model structure is shown in the figure 4.1.

As we mentioned in the related work, although the Mamba (SSM) architecture

solves long-range dependency, it introduces a complex hardware scanning mecha-

22
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nism, and inference speed is not always superior on end devices. MambaOut further

optimizes the original Mamba structure and provides a lightweight solution for low-

resolution images. Therefore, we integrated MambaOut as the backbone network to

enhance the feature extraction capability. This approach leverages the Gated CNN

mechanism to improve the semantic quality of high-resolution features. Addition-

ally, in order to retain more early features, we extend the feature pyramid to the

P2 level. The newly added P2 detection head can better extract and process early

features. Additional P2 layers for small object detection optimization were already

being utilized in the early stages of YOLO development.

4.2 MambaOut-Femto

As mentioned in the related work, since the SSM module is removed, MambaOut is

more efficient than the original Vision Mamba. Based on the architectural advantages

of gated CNN, we built the FemtoDet-P2 model. We use the MambaOut Femto

variant as the feature extractor. As described in the previous section, the architecture

stacks gated CNN blocks in four stages. Specifically, the configuration is defined

by the depth [3, 3, 9, 3] and the embedding dimension [48, 96, 192, 288]. Unlike the

standard YOLO backbone network, which usually outputs features from Phase 2

(P3), MambaOut provides a hierarchical feature pyramid starting from Phase 1. Let

I ∈ RH×W×3 be the input image. The backbone network generates a set of four

multi-scale features {C2, C3, C4, C5}:

• C2 ∈ RH
4
×W

4
×48: The shallowest feature map, rich in texture and edge informa-

tion, is crucial for small object localization.

• C3 ∈ RH
8
×W

8
×96: Standard low-level features.

• C4 ∈ RH
16

×W
16

×192: Intermediate semantic features.
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• C5 ∈ RH
32

×W
32

×288: The deepest semantic features, possessing the largest receptive

field.

The figure of FemtoDet-P2 shown as Figure 4.1.

Figure 4.1: Structure of FemtoDet-P2.

4.3 Gated CNN

We introduce the Gated CNN Block into the backbone network design. Although the

C2f module optimizes feature extraction through rich gradient flow, its limited 3× 3

local receptive field is insufficient to capture the global context information required

by small objects from a UAV perspective in shallow layers. For this reason, Gated

CNN Block introduced a ”gated attention” mechanism to simulate the selectivity of

sequence models, and used large kernel convolution to capture wider local context

while maintaining spatial focus.

For the input feature X ∈ RH×W×C , the forward propagation process of Gated

CNN Block can be formalized as:
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Y = Projout
(
σ(Projin1(X))⊙DepthConv7×7(Projin2(X))

)
+X (4.1)

This structure abandons the computationally intensive SSM module in Vision

Mamba and adopts an efficient ”parallel dual-stream processing mechanism” instead.

According to the detection task characteristics of YOLO, this module addresses the

challenges of background noise suppression and context completion for small objects

through the following two key branches, show in the Figure 4.2.
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Figure 4.2: Structure of Gated CNN.

Gating Branch: Corresponds to the σ(Projin1(X)) part in the formula. The in-

put feature is first processed through linear projection, then a soft mask with the same

spatial dimensions as the feature map is generated through an activation function.

In the dense prediction task of YOLO, UAV aerial images typically contain sub-
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stantial high-frequency background noise (such as tree textures and wave patterns),

which easily leads to false positives in the detection head. This branch essentially

functions as a spatial attention filter. Through training, the model learns to dy-

namically assign higher weights to potential object regions, while suppressing large

background areas. This is equivalent to performing ”signal denoising” before features

enter the detection head, which significantly improves the signal-to-noise ratio (SNR)

of the feature map and helps the YOLO detection head focus more on foreground

objects.

Feature Branch: Corresponds to the DepthConv7×7(Projin2(X)) part in the

formula. We introduced a 7× 7 large kernel convolution for depthwise separable con-

volution. This design has decisive advantages over the traditional 3 × 3 convolution

in the YOLO backbone. Tiny objects in UAV imagery often have very few pixels,

lack intrinsic texture features, and heavily rely on the contextual information from

surrounding environments for discrimination. Traditional 3 × 3 convolution has a

limited field of view, while standard deep detectors suffer from excessively large re-

ceptive fields that introduce global background noise. Our 7 × 7 convolution strikes

a balance. It expands the local perception scope compared to 3 × 3 kernels to cap-

ture necessary spatial dependencies in shallow layers, yet maintains a compact and

focused effective receptive field (ERF) compared to the baselines. This allows the

model to perceive small objects and their surrounding environment as an integrated

whole, thereby improving detection recall.

Finally, the two branches are fused through element-wise multiplication (⊙). This

step achieves a dynamic combination of ”visual content” and ”spatial attention”. This

design enables our FemtoDet-P2 to maintain the advantages of efficient parallel com-

putation in CNNs while possessing content-adaptive processing capabilities similar

to Transformers, thereby significantly enhancing the feature capture ability for tiny

objects in complex scenes without introducing additional computational overhead.
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4.4 High-Resolution Feature Fusion Neck

Although the use of high-resolution features is not a new concept in object detec-

tion literature, standard real-time detectors (such as YOLOv5 to YOLOv10) usually

abandon the P2 layer. This design choice is because in most tasks, small object recall

is sacrificed in exchange for lower inference latency, and this loss of precision is ac-

ceptable. However, it creates a key ”blind spot”, in air surveillance, objects smaller

than 8 × 8 pixels will be compressed into sub-pixel representation, or become noise

in the P3 feature map, making subsequent upsampling operations unrecoverable. To

solve this problem, we extend the Path Aggregation Network (PANet) to the P2 layer

with a stride of 4, and build a high-resolution feature fusion path. According to the

model scaling theory proposed by Scaled-YOLOv4 [47], the optimal network struc-

ture should adjust the resource allocation of resolution, depth and width according to

the characteristics of input data (such as objects scale distribution). In UAV images,

objects are mainly distributed in the area below 16× 16 pixels, which means there is

a serious waste of resources in the large receptive field and high semantic abstraction

of the deep network (P4, P5).

Therefore, in FemtoDet-P2, we added the P2 layer to solve the semantic gap prob-

lem that hinders small object detection. The shallow backbone feature C2 itself has

high-precision object edge information required for localization, but lacks semantic

context, leading to False Positives (e.g., misclassifying roof vents as vehicles). On

the contrary, the deeper P3 features carry strong semantic signals but lose spatial

information. Crucially, to alleviate the computational overhead that caused P2 to

be abandoned in earlier architectures, we combine this high-resolution ”neck” with

the efficient MambaOut backbone network. This overall ”efficient backbone + heavy

neck” design allows us to leverage P2 without incurring unacceptable inference latency

in earlier architectures. Finally, the fused features {P2, P3, P4, P5} are input into four

independent decoupled detection heads. The introduction of the P2 detection head is
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specifically designed for objects with area less than 32 × 32 pixels, which dominate

in UAV datasets. Each detector independently predicts object class probability and

bounding box coordinates, ensuring that gradient flow from small object optimization

does not interfere with the learning of large objects.

4.5 Analysis of Effective Receptive Field

In order to verify the effectiveness of the Gated CNN and P2 layer design, we vi-

sualized and quantified the Effective Receptive Fields (ERFs) of the two models.

Following the method in [48], we measured the proportion of high-contribution ar-

eas under different thresholds (τ) to determine the spatial extent of the input image

contributing to the central feature response.

Table 4.1 compares the receptive fields between the baseline model YOLOv10n

and our proposed FemtoDet-P2 model. The results show that the most significant

difference between the two models occurs near the global threshold, where the ERF

size is reduced from 631 pixels (baseline model) to 537 pixels (FemtoDet-P2 model).

This 15% reduction indicates that the FemtoDet-P2 model successfully reduces the

influence of background noise at long distances. Under the standard ERF threshold,

our model maintains a more compact field of view (183 pixels) than the baseline

model (211 pixels). This more compact ERF confirms that the high resolution P2

layer limits the over-expansion of the receptive field. In the core area with the highest

degree of activation, the receptive field remains concentrated (91 pixels vs. 95 pixels).

These indicators show that although the Gated Convolutional Neural Network (Gated

CNN) module ensures sufficient local context information capture through its 7 × 7

convolution kernel, the overall architecture avoids the common ”feature dilution”

problem in deep detectors. By limiting the receptive field to a more relevant local

range, FemtoDet-P2 is more suitable for distinguishing small objects from complex

backgrounds.
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Table 4.1: Quantitative comparison of Effective Receptive Field
(ERF) side lengths (in pixels) between YOLOv10n and FemtoDet-P2
at different contribution thresholds. The input image size is 640×640.

Threshold (τ) YOLOv10n FemtoDet-P2 Analysis

τ = 0.2 (Core Focus) 95 px 91 px Highly Concentrated

τ = 0.3 135 px 121 px Sharper Boundaries

τ = 0.5 (Effective ERF) 211 px 183 px More Compact

τ = 0.99 (Global Scope) 631 px 537 px Noise Suppressed

4.6 Analysis of Layer-wise Efficacy

In order to further verify the necessity of introducing the high resolution P2 layer

into FemtoDet-P2, we conducted a statistical analysis of the detection distribution

on different prediction heads. As shown in the Table 4.2, the results on VisDrone2019

and UAVDT datasets show a significant reversal of feature utilization. On the Vis-

Drone2019 dataset, the new P2 layer contributed up to 63.07% of the total detections

(18173 targets), exceeding the total contribution of all other layers (P3, P4 and P5).

A similar trend was observed on the UAVDT dataset, with P2 contributing 52.57%

of the detection amount. This empirically confirms our hypothesis that for UAV

aerial images, most of the effective target information is retained in the shallow high-

resolution feature map. In contrast, we discover the deep P5 layer shows obvious

redundancy. Although the P5 layer has the largest receptive field and the highest se-

mantic abstraction ability (the average confidence on UAVDT is 0.81), its detection

contribution rate in UAVDT is only 1.81%, and in VisDrone2019 is only 5.50%. This

forms a sharp contrast, indicating that P5 layer consumes a large amount of com-

puting resources in the model, but yields diminishing marginal returns in detection

recall.



31

Table 4.2: Prediction results on VisDrone2019 and UAVDT datasets
using the FemtoDet-P2 model. The table details detection counts,
proportion, and average confidence for each detection head.

Dataset Head Detection Counts Proportion (%) Avg Confidence

VisDrone2019

P2 18,173 63.07 0.53
P3 4,614 16.01 0.46
P4 4,442 15.42 0.55
P5 1,585 5.50 0.68

UAVDT

P2 132,674 52.57 0.52
P3 79,966 31.66 0.54
P4 35,160 13.93 0.73
P5 4,558 1.81 0.81

4.7 Summary

In this chapter, we utilize MambaOut as the backbone to enhance the model design

for early feature extraction. Although the addition of the P2 layer improves detection

accuracy, retaining the P5 layer, which has a large computational cost but a small

contribution, brings unnecessary overhead to edge deployment. The results indicate

that traditional deeper layers of the feature pyramid are not suitable for UAV aerial

imagery where the targets are mainly small. This observation motivates the research

presented in the next chapter. In Chapter 5, we will introduce LSCNet, a lightweight

architecture that removes redundant deep pyramid layers. By completely shifting

the computational focus to shallow feature cascading, it can achieve a more opti-

mized balance, significantly reducing model complexity and inference latency while

maintaining the high accuracy of FemtoDet-P2.



Chapter 5

LSCNet: A Lightweight Shallow

Feature Cascade Network

5.1 Introduction

In Chapter 4, we introduced the Mambaout backbone network to enhance early fea-

ture extraction and optimized it for small targets. However, its deep pyramid struc-

ture leads to significant resource waste and the stacked Gated CNN blocks signifi-

cantly increased the model parameters (from 2.3M to 8.8M) placing a heavy compu-

tational burden on the UAV’s onboard equipment. Therefore, we need to design a

lightweight model. Although YOLOv10 [13] reduces inference latency by eliminating

the non-maximum suppression (NMS) post-processing required by traditional YOLO,

makes it an ideal choice for resource-constrained environments. However, YOLOv10

is mainly designed for natural images (such as the COCO dataset [15]), where objects

are clear and located in the center of the image. Our empirical analysis shows that the

model wastes a large amount of computational resources on the deep pyramid layer

(P5) to extract high-level semantic abstractions, which are largely redundant for tiny,

pixel-limited objects typical in drone perspectives. Based on this finding, we propose

LSCNet (Lightweight Shallow Feature Cascade Network), a lightweight architecture

32
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for UAV-based small object detection built upon YOLOv10. Rather than relying on

ineffective deep pyramid layers, our approach strategically concentrates on shallow-

stage features where small object information is better preserved. By reallocating

computational resources from deep pyramid elaboration to shallow feature refine-

ment, LSCNet achieves superior detection performance on both the VisDrone2019

and UAVDT datasets with a compact parameter count.

The design of LSCNet is motivated by the unique challenges of UAV-based ob-

ject detection. As mentioned earlier, edge deployment on UAV platforms imposes

strict constraints on model complexity, power consumption, and memory footprint,

thus requiring a lightweight architecture capable of operating in resource-constrained

environments. Besides the limitations of the drone platform itself, high-altitude dy-

namic aerial photography often encounters many adverse factors, such as motion blur,

environmental interference, and changes in lighting conditions. In addition, the high-

altitude perspective also brings complex background clutter and a greater sense of

scale variations [49].

Three areas comprise our primary contributions:

• LoGStem Module [50]: When processing degraded aerial data with inherent blur

and noise, conventional object detection backbones frequently struggle with

inadequate feature extraction capacity. We use the LoG-Stem module from

LEGNet, which was initially created to improve feature representation in low-

quality aerial imagery conditions, to overcome this restriction at the network’s

earliest stage. The LoG-Stem module serves as a robust initial feature extractor

that replaces the traditional P1 and P2 layers in YOLO architecture.

• SAOK Fusion Module: To effectively aggregate multi-scale information from the

shallow feature cascade layers where small object features are predominantly

preserved, we propose the Small-target Aware Omni-Kernel (SAOK) module.

Drawing inspiration from the Omni-Kernel Network’s multi-branch architecture
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for image restoration [51], SAOK strategically adapts the receptive field config-

uration and attention mechanism specifically for aerial small object detection

requirements.

• DyHead [43]: To compensate for potential information loss resulting from the

simplified two-layer pyramid architecture and to maximize detection capability

within this streamlined framework, we integrate the Dynamic Head (DyHead) as

our detection module. Traditional detection heads process features at different

scales, spatial locations, and task objectives independently, leading to subop-

timal feature utilization. DyHead addresses this limitation through a unified

attention framework that coherently optimizes feature representations across

three dimensions: scale, space, and task.

5.2 Method

We introduce LSCNet, a novel architecture created specifically for UAV image small

object detection. Our approach completely rethinks the YOLO framework by in-

corporating three key innovations: improved feature extraction, dynamic detection

capabilities, and architectural simplification. Our fundamental design idea is opti-

mizing detection accuracy while maintaining model efficiency. Specifically, LSCNet

employs a simpler two-layer detection architecture with only two layers with 8× and

16× downsampling detection heads to prevent the loss of small object information

caused by deep feature propagation.

In this section, we will explain the detailed implementation of LSCNet; it is struc-

tured as follows. First, in Section 5.2.1, we present the deep feature layer efficiency

analysis that motivates our Shallow Feature Cascade architecture. Section 5.2.2 in-

troduces the Small-target-aware Omni-Kernel (SAOK) module designed for effective

multi-scale feature fusion. Section 5.2.3 describes the LoGStem module utilized for
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robust initial feature extraction. Finally, Section 5.2.4 elaborates on the integration

of the Dynamic Head (DyHead) mechanism to enhance detection capability through

unified attention.

LSCNet’s architectural design, illustrated in Figure 5.1, addresses key challenges in

UAV-based small object detection through specialized modules. The LoGStem com-

ponent enhances the initial feature extraction stage by outputting quarter-resolution

representations while simultaneously filtering noise through Laplacian-of-Gaussian

operations. To enable seamless multi-scale fusion, backbone P4 features are spatially

downsampled via PixelUnshuffle, ensuring dimensional alignment with P3-level SPPF

outputs after upsampling.

LSCNet adopts the principle of computational efficiency through targeted elim-

ination of resource-intensive deep detection heads. Our SAOK module, combined

with architectural adaptations, proves that removing one detection head does not

compromise small object detection accuracy. The module processes fused P3–P4 fea-

tures using multi-scale kernels with ECA attention for enhanced feature refinement.

DyHead integration compensates for the reduced head count, delivering improved

detection while keeping computational costs acceptable.

5.2.1 Shallow Feature Cascade

Standard detectors typically allocate substantial computational resources to deep

pyramid levels (e.g., P5) under the assumption that larger receptive fields universally

benefit detection. However, this paradigm, while effective for natural scene images,

warrants re-examination in the context of UAV-based small object detection.

To investigate the actual contribution of each pyramid level in aerial small ob-

ject detection, we conducted a comprehensive quantitative analysis using the stan-

dard YOLOv10 architecture on two representative UAV datasets: VisDrone2019 and

UAVDT. As detailed in Table 5.1, we evaluated 548 validation images from Vis-
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Figure 5.1: Architectural comparison between the baseline YOLOv10
and the proposed LSCNet. The top illustrates the conceptual feature
pyramid shift. The middle shows the standard YOLOv10 architec-
ture with three detection heads. The bottom presents the proposed
LSCNet architecture.

Drone2019 and analyzed the detection distribution across three pyramid levels (P3,

P4, and P5). For VisDrone2019, the P3 layer accounts for 75.92% of all effective

detections, while the P4 layer contributes 17.31%. Remarkably, the deepest detection
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layer, the P5 layer, produces merely 6.76% of detections despite consuming substan-

tial computational resources. This pattern intensifies in the UAVDT dataset, where

P5 contributes less than 3% while P3 and P4 collectively account for over 97% of suc-

cessful detections. However the bounding box confidence output by the P5 layer is the

highest in Visdrone2019 but lower in UAVDT. In the task of small object detection,

the overall results were not satisfactory.

Table 5.1: Prediction results on VisDrone2019 and UAVDT datasets
using the baseline YOLOv10 model. The table details detection
counts, proportion, and average confidence for each detection head.

Dataset Head Detection Counts Proportion (%) Avg Confidence

VisDrone2019
P3 16,182 75.92 0.54
P4 3,690 17.31 0.56
P5 1,440 6.76 0.70

UAVDT
P3 155,212 80.02 0.55
P4 34,056 17.56 0.65
P5 4,708 2.43 0.29

The basic cause of this phenomenon is that, despite the fact that deep features

have larger receptive fields and richer semantic information, feature information of

small targets is severely attenuated or even completely disappears during multiple

downsampling processes due to the significant reduction in spatial resolution. Shallow

features, on the other hand, retain more local details and spatial details.

Motivated by this discovery, we propose the LSCNet architecture, which focuses

computational resources on the fusion and augmentation of shallow features rather

than the three detection heads of the conventional YOLO structure. In particular,

LSCNet only keeps two detection layers. More crucially, this architecture allows

us to use more potent initial backbone networks while also drastically reducing the

network’s computational complexity and parameter count.

Comprehensive experimental validation across both benchmark datasets substan-

tiates the efficacy of our proposed architecture. On the VisDrone2019 dataset, LSC-
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Net achieves 44.6% mAP50, representing a substantial improvement of 10.1% over the

baseline YOLOv10n. Similarly, on the UAVDT dataset, LSCNet improved by 5.06%,

surpassing YOLOv10n’s 31.04% mAP50, while reducing the parameter count by 33%.

5.2.2 SAOK

We implement the Small-target-aware Omni-Kernel (SAOK) module during the P3

and P4 feature fusion stage to improve multi-scale feature performance. Inspired by

the Omni-Kernel Network [51] in image restoration, the SAOK module uses an adap-

tive aggregation mechanism of multi-scale convolution kernels to efficiently capture

feature information at various scales and improve feature discriminability.

To handle the particular difficulties of UAV aerial scenarios, we do, however, make

important adjustments. The SAOK (Small-target-aware Omni-Kernel) module, a key

part of our suggested LSCNet architecture, is especially made to handle the feature

fusion issues at the crucial P3 layer, where small object information is most notice-

able in UAV pictures. SAOK acts as a link between deeper semantic representations

and shallow edge characteristics that LoGStem extracts within the LSCNet archi-

tecture. SAOK, which comes after the P3 feature extraction stage (see Figure 5.2),

combines pixel-unshuffle-processed shallow features with multi-scale contextual infor-

mation from both P3 and upsampled P4 features. The SAOK module may function at

a relatively shallow feature resolution due to this strategic placement, which preserves

sufficient spatial representation while gaining rich semantic context for small objects.
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Figure 5.2: Structure of SAOK.

Kernel Configuration for Small Objects: Drawing inspiration from Cui et al.’s

Omni-Kernel architecture [51] for image restoration, we adapt the multi-scale con-

volution strategy specifically for aerial small object detection. Unlike the original

design employing ultra-large 63 × 63 kernels optimized for high-resolution image re-

construction, our SAOK adopts a refined kernel configuration tailored to UAV imagery

characteristics: 1 × 1 kernels capture local fine-grained details, 5 × 5 and 7 × 7 ker-

nels extract immediate contextual information, and 15 × 15 kernels capture broader

spatial relationships. This design philosophy stems from a critical observation: small

objects in UAV imagery (typically spanning 10–50 pixels) demand moderate receptive

fields that strike a balance between preserving fine-grained features and incorporat-

ing sufficient contextual awareness. Additionally, the incorporation of strip-shaped
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kernels (1 × 15 and 15 × 1) strengthens the module’s capability to capture elongated

structural patterns—such as vehicle edges and road boundaries—that frequently ap-

pear in aerial perspectives.

ECA-enhanced Omni-Kernel (ECAOK): To effectively aggregate the multi-scale

features extracted by diverse kernel configurations, we design the ECA-enhanced

Omni-Kernel (ECAOK) module as the core computational unit of SAOK. The ECAOK

module integrates channel attention mechanism with adaptive multi-scale feature fu-

sion to enhance feature discriminability for small objects. Given an input feature X

∈ RC×H×W , the ECAOK module first applies a lightweight feature transformation:

Xin = GELU(Conv1×1(X)) (5.1)

where GELU [52] is a nonlinear activation function based on a Gaussian distribution;

the formula is

GELU(x) = x · P (X ≤ x) = x · Φ(x) (5.2)

It combines the non-saturating property of ReLU with the smoothness of Sig-

moid/Tanh, so GELU can be viewed as a smooth variant between ReLU and Sig-

moid/Tanh activation functions.

Subsequently, the transformed features are processed through two parallel branches:

an Efficient Channel Attention (ECA) branch [42] and a multi-scale depthwise con-

volution branch. In order to highlight informative channels for small object represen-

tation, the ECA branch adaptively recalibrates channel-wise feature responses:

Xeca = ECA(Xin) (5.3)

Simultaneously, the multi-scale branch aggregates spatial features across different
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receptive fields through weighted depthwise convolutions:

Fms =
5∑

i=0

wi · DW i(Xin) (5.4)

where DW i represents the depthwise convolution with kernel sizes {1 × 15, 15 × 1,

15 × 15, 1 × 1, 5 × 5, 7 × 7} and wi denotes the learnable aggregation weights

normalized by the softmax. This adaptive weighting mechanism allows the network

to automatically adjust the contribution of each scale according to the characteristics

of the input features.

Finally, the outputs from both branches are fused with the original input through

a residual connection, followed by activation and projection:

XECAOK = Conv1×1(ReLU(X+ Fms +Xeca)) (5.5)

This design enables the ECAOK module to not only process rich multi-scale spa-

tial information but also effectively discriminate features across different channels.

The residual connection further facilitates gradient flow and preserves original details

to better serve the recognition of small object features.

5.2.3 LoGStem

Feature extractors are usually inadequate for extracting features from small targets

or blurry images for traditional YOLO models. Early on in the image input process,

we need a more reliable feature extractor made especially for blurry small targets

in complicated situations. We use the LEGNet network’s LoG-Stem [50]. The first

feature extraction module of the LEGNet network, the LoGStem layer, was created

especially to handle noise and edge information loss problems in low-quality remote

sensing images. It makes use of the dual capabilities of LoG filters for edge detection

and noise suppression, improving edge features early on. Additionally, this feature
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extractor’s output is downsampled to 1/4 resolution, which precisely matches the

purpose of YOLOv10’s P1 and P2 layers. As a result, this module serves as the first

component of our enhanced network backbone.

The benefits of Laplacian operators and Gaussian smoothing are combined in

LoG filters. Equation (5.6) displays the formula for the LoG Kernel. Equation (5.7)

displays the formula for the Gaussian Kernel with σ = 1.0 and a 7 × 7 kernel size.

LoGk×k
σ (x) =

1

πσ4

Å
1− i2 + j2

σ2

ã
e−

i2+j2

2σ2 (5.6)

Gk×k
σ (x) =

1

2πσ2
e−

i2+j2

2σ2 (5.7)

The LoGStem structure is shown in Figure 5.3.

Figure 5.3: Structure of LoGStem module.
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5.2.4 DyHead

To compensate for potential performance degradation from the simplified two-layer

detection architecture, we integrate the Dynamic Head (DyHead) [43] to enhance

the detection capability of our LSCNet. DyHead provides a unified detection head

framework through attention mechanisms, coherently integrating three sequential self-

attention mechanisms across the three fundamental dimensions of the feature tensor:

level, space, and channel.

Scale-aware attention dynamically fuses features from different pyramid levels

based on their semantic importance. Complementing our P3- and P4-focused archi-

tecture in LSCNet, this attention mechanism adaptively aggregates multi-resolution

features to enhance the model’s perception capability for objects at varying scales,

particularly small objects.

Spatial-aware attention models long-range spatial dependencies through deformable

convolution. By concentrating on discriminative regions that consistently coexist at

both spatial locations and feature levels, this method strengthens the spatial structure

of objects and enhances localization performance in difficult situations like occlusion

and motion blur.

Operating on the channel dimension, task-aware attention dynamically switches

feature channels ON and OFF to favor distinct detection tasks (classification versus

localization). For small objects in UAV imagery that typically exhibit weak and am-

biguous feature responses, this mechanism ensures task-specific features—whether for

object classification or bounding box regression—are appropriately emphasized dur-

ing forward propagation. The ablation studies in Section 6.8 validate the effectiveness

of this integrated dynamic head design.
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5.3 Summary

This chapter introduces LSCNet, a specialized architecture designed for UAV-based

small object detection. Based on our empirical analysis, we identified that deep

feature layers are redundant for small objects. Therefore, we proposed a shallow

feature cascade strategy to shift the computational focus from the P5 layer to the P3

and P4 layers, which contain richer spatial information. This streamlined framework

is supported by three core innovations: the LoGStem module, the SAOK module,

and the DyHead module. These components work together to enable LSCNet to

achieve a balance between inference efficiency and high-precision detection. Chapter

6 presents comprehensive experimental results and comparisons on the VisDrone2019

and UAVDT benchmark datasets, benchmarking our model against state-of-the-art

lightweight models.



Chapter 6

Evaluation

6.1 Implementation Details

All experimental procedures were conducted on a computational platform equipped

with an Intel Xeon Platinum 8352V processor, 90GB system memory, and an NVIDIA

GeForce RTX 4090 graphics card, operating under Ubuntu 20.04.4 LTS. The soft-

ware stack comprised Python 3.10.14, PyTorch 2.2.2 with CUDA 12.1 support, and

the Ultralytics 8.2.50 framework. To ensure equitable comparison across all evaluated

architectures, we adopted a consistent training protocol.

All models underwent training from random initialization without leveraging any

pre-trained weights, thereby eliminating potential biases from transfer learning. The train-

ing regimen consisted of 300 epochs with input images resized to 640 × 640 pixels and

a batch size of 8 samples per iteration. Additional hyperparameters, encompassing

optimizer selection and learning rate scheduling mechanisms, adhered to YOLOv8’s

and YOLOv10’s default configuration to preserve experimental reproducibility and

maintain consistency across comparative studies.

45
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6.2 Evaluation Metrics

To evaluate the effectiveness of our proposed algorithm on UAV aerial imagery, we

employ a combination of accuracy metrics and model complexity indicators. For de-

tection accuracy, we utilize Precision (P), Recall (R), and Mean Average Precision

(mAP) as our primary evaluation metrics. Additionally, we assess the model’s compu-

tational efficiency through the number of parameters, which directly reflects the model

size and deployment feasibility on resource-constrained UAV platforms. The metrics

mAP50 and mAP95 denote the mean AP across all classes at Intersection over Union

(IoU) thresholds of 0.5 and 0.95, respectively. IoU represents the overlap ratio be-

tween predicted and ground truth bounding boxes, calculated as the ratio of their

intersection to their union

In the confusion matrix, True Positives (TP) represent correctly detected objects

where both the predicted bounding box and ground truth are positive; False Negatives

(FN ) occur when actual objects are missed by the detector; False Positives (FP)

indicate erroneous detections where the model predicts an object that does not exist;

and True Negatives (TN ) represent correctly rejected regions.

Based on these foundational concepts, precision measures the proportion of cor-

rectly detected objects among all detections made by the model. It reflects the model’s

ability to avoid false detection and is calculated as

Precision =
TP

TP + FP
(6.1)

Recall evaluates the proportion of actual objects that are successfully detected by

the model. It indicates the model’s capability to identify all existing objects and is

defined as

Recall =
TP

TP + FN
(6.2)

To balance false positives and false negatives, therefore considering both Precision
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and Recall, the F1 score is the harmonic mean of Precision and Recall. This prevents

models from achieving high scores by sacrificing one metric. The formula is

F1 = 2× Precision×Recall

Precision+Recall
(6.3)

IoU is calculated as the ratio of the intersection area to the union area between a

predicted bounding box Bp and its corresponding ground truth Bgt, where Bp ∩ Bgt

denotes the intersection area and Bp ∪ Bgt denotes the union area of the two boxes.

The formula is

IoU =
Area(Bp ∩Bgt)

Area(Bp ∪Bgt)
(6.4)

Average Precision (AP) is then computed as the area under the Precision–Recall

curve for a specific object category at a given IoU threshold, where P (R) denotes the

precision as a function of recall R and dR represents the differential element of recall

used to compute the integral area under the PR curve. The formula is

AP =

∫ 1

0

P (R)dR (6.5)

Mean Average Precision (mAP) extends this concept by averaging AP values

across all object categories:

mAP =
1

N

N∑
i=1

APi (6.6)

where N represents the number of object categories and AP(i) denotes the average

precision for category i. In our experiments, we report both mAP50 (mAP at IoU

threshold of 0.5) and mAP95 (mAP at IoU threshold of 0.95), which provides a more

stringent evaluation of localization accuracy.

GFLOPs (Giga Floating-point Operations) quantifies the theoretical computa-

tional complexity of the model. It represents the number of billion floating-point

operations required to perform a single forward pass on an input image. The formula
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is

GFLOPs =
TotalF loatingPointOperations

109
(6.7)

Lower GFLOPs indicate reduced computational demand. Although the actual

performance may vary across different hardware platforms due to optimization differ-

ences, GFLOPs generally serves as a general metric for evaluating the computational

resources required to run a model.

FPS (Frames Per Second) measures the inference speed, indicating the number of

images the model can process in one second. It is calculated as

FPS =
Nframes

Telapsed

(6.8)

where Nframes denotes the total number of processed frames and Telapsed represents

the total elapsed time in seconds. Higher FPS indicates faster model inference speed.

6.3 Datasets

We conducted experiments on two challenging UAV datasets, VisDrone2019 and

UAVDT. Both datasets contain various scenarios, including different city and weather

conditions.

As shown in Figure 6.1, we conducted a statistical analysis of object size distribu-

tion in the two datasets. Following the COCO standard [15], objects are categorized

into small (area less than 322 pixels), medium (area between 322 and 962 pixels),

and large (area greater than 962 pixels). The statistics reveal that both datasets are

heavily dominated by small objects, which constitute over 60% of the samples in both

datasets. Large objects are extremely rare in both datasets, particularly in UAVDT,

where they account for less than 3%.
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Figure 6.1: Object size distribution across VisDrone2019 and
UAVDT datasets, showing predominance of small objects (60–68%)
and limited large objects (less than 6%).

6.4 VisDrone

The VisDrone2019 dataset includes 10,209 still photos and 288 video clips with

261,908 frames taken in various cities and situations and was created by the AISKY-

EYE team at the Machine Learning and Data Mining Laboratory of Tianjin Univer-

sity. This dataset’s object detection task comprises 3190 test photos, 548 validation

images, and 6471 training images with annotations for ten object categories, such as

trucks, cars, vans, and pedestrians. With a total of 2.6 million annotation boxes,

it poses major hurdles typical of real-world drone applications, including occlusions,

dense tiny objects, and variable illumination and weather conditions across many

places and settings. This dataset is very useful for assessing model performance and

proving the efficacy of our suggested approach because it covers a wide range of

UAV aerial surveillance scenarios. Additionally, we compare this dataset with a few

recently released lightweight models.
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6.5 UAVDT

The UAVDT (UAV Detection and Tracking) benchmark was released by the Com-

puter Vision Laboratory at Shenzhen University in 2019. This comprehensive dataset

comprises over 10 h of raw videos with approximately 80,000 representative frames ex-

tracted from 50 video sequences. The sequences are captured under diverse real-world

scenarios, including different weather conditions, varying camera views, different al-

titudes, and various urban and rural environments. The dataset provides detailed

annotations with over 2.8 million bounding boxes across three primary categories:

car, truck, and bus. Due to its focus on vehicle detection from UAV perspectives,

UAVDT has been widely adopted in the computer vision community as an important

benchmark for evaluating detection model performance under realistic UAV opera-

tional conditions.

UAVDT is uniquely structured as a dual-purpose benchmark for both object detec-

tion and tracking tasks. The motion blur introduced during UAV flight significantly

increases detection difficulty, as objects may appear distorted across frames. How-

ever, this characteristic makes UAVDT more representative of real-world scenarios

where UAVs encounter dynamic conditions such as platform instability and varying

flight speeds.

6.6 Ablation Study of FemtoDet-P2

In order to verify the contribution of each component proposed in FemtoDet-P2, we

conducted ablation experiments on the VisDrone2019 validation set. We take the

standard YOLOv10n as the baseline, and gradually introduce MambaOut backbone

network and high-resolution P2 layer. First, we replace the CSP-based backbone

network in YOLOv10n with MambaOut architecture (using the gated CNN module),

while maintaining the original neck structure (P3-P5). As shown in the second row
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of Table 6.1, this improvement has significantly enhanced the model’s performance.

mAP50 increased by 3.6% (from 34.80% to 38.40%), and mAP95 increased by 2.47%.

Although the model parameters increased from 2.2 million to 8.8 million due to the

stacked gated CNN modules, the inference speed (FPS) remained at the high level of

70.4 FPS. This validates our hypothesis in Chapter 4: the gated CNN mechanism can

effectively capture global context and suppress background noise, thereby providing

better feature representation for UAV images without the hardware latency issues

typically associated with SSMs. Based on the MambaOut backbone network, we

further introduced the P2 layer to build the complete FemtoDet-P2 model. This step

aims to recover the details of small objects lost during the downsampling process.

Comparing the second and third rows of Table 6.1, after the P2 layer is introduced,

mAP50 further increases to 40.35% and mAP95 to 24.13%. Notably, the performance

improvement is particularly significant for small-scale and complex categories. For

example, in the ’Pedestrian’ category of Table 6.2, the mAP95 improves from 19.3%

(MambaOut backbone) to 22.0% (FemtoDet-P2), and in the ’Motor’ category, it

increases from 19.0% to 22.1%. This demonstrates that high-resolution P2 features

are crucial for detecting small objects (less than 16× 16 pixels).

The integration of the P2 layer introduces additional computational costs. GFLOPs

increase from 22.7 to 28.1, and inference FPS decreases from 70.4 to 60.2. However,

this still fully satisfies the real-time requirements of airborne equipment. Although

FemtoDet-P2 has 9.2 million parameters (higher than the baseline), its mAP50 in-

creases by 5.55%, which demonstrates that our proposed ”efficient backbone + deep

neck” design strategy effectively detects small objects while maintaining practical

efficiency for airborne platforms.
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Table 6.1: Ablation study of FemtoDet-P2 on the VisDrone2019 val-
idation set.

Model mAP50 mAP95 Params GFLOPs FPS
(%) (%) (M)

YOLOv10n 34.8 20.0 2.2 6.7 133.7
+ MambaOut Backbone 38.4 22.5 8.8 22.7 70.4
+ P2 Neck (FemtoDet-P2) 40.4 24.1 9.2 28.1 60.2

Table 6.2: Per-class performance comparison (mAP50 and mAP95).

Class mAP50 (%) mAP95 (%)

Base MambaOut Ours Base MambaOut Ours

Pedestrian 37.5 42.6 46.8 16.4 19.3 22.0
People 29.5 33.9 38.2 11.5 13.3 15.3
Bicycle 10.0 13.1 13.5 4.2 5.1 6.0
Car 76.7 79.1 82.0 53.4 55.8 58.5
Van 39.3 43.4 45.4 26.6 29.9 32.1
Truck 29.4 34.3 34.4 18.0 21.6 22.6
Tricycle 23.5 26.2 26.5 12.1 14.3 15.2
Awning-tri 13.8 14.6 14.5 8.4 8.9 9.5
Bus 48.5 53.2 54.4 32.8 38.0 38.1
Motor 39.7 43.7 47.9 17.1 19.0 22.1

Average 34.8 38.4 40.4 20.0 22.5 24.1
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6.7 Visualization Analysis of FemtoDet-P2

To intuitively demonstrate the effectiveness of FemtoDet-P2 in feature extraction and

background suppression, we used Grad-CAM [53] to visualize the attention heatmaps.

In a typical urban aerial scene containing dense small objects, Figure 6.2 shows the

baseline model (left) and FemtoDet-P2 (right).

The baseline heatmap exhibits a “feature dispersion” phenomenon. The active

area is relatively diffuse, and the intensity of the object (vehicle) is weak (mainly

displayed in yellow or light green). The key is that there is serious background

interference in the baseline model, and attention is allocated to non-object high-

frequency texture regions, such as building windows on the left and trees on the

right. This shows that the standard CSP backbone network struggles to filter out the

complex environmental noise in UAV imagery.

In contrast, FemtoDet-P2 shows a stronger ability to distinguish objects. The

red area is highly concentrated, indicating that the attention is more focused on

the object. Even for small vehicles located at the image periphery, our model can

generate clear activation peaks, which verifies the contribution of the high-resolution

P2 layer to the preservation of spatial details. Background areas, such as roads and

buildings, remain dark blue. This proves that the gated CNN module can effectively

play the role of a spatial filter, suppress background noise, and enable the model to

focus on foreground objects. In conclusion, compared with the baseline model, the

targeted design of FemtoDet-P2 achieves a significantly higher signal-to-noise ratio

(SNR), which verifies that it can achieve more robust detection of small objects.
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Figure 6.2: Attention heatmap visualization comparing baseline
YOLOv10 and FemtoDet-P2 on VisDrone2019 dataset.

6.8 Ablation Study of LSCNet

To validate the effectiveness of each component in LSCNet, we designed ablation

experiments with single modules and module combinations. The experiments shows

in Table 6.3 use YOLOv10n as the baseline and are evaluated on the VisDrone2019-

val dataset. All performance metrics, including mAP50, mAP95, parameter count,

and GFLOPs, are obtained through YOLO’s official validation script using fused

parameters. FPS values are calculated as the average of five independent test runs.

Each test is preceded by a 200-image GPU warm-up, followed by measuring the total

inference time on 1000 images.

The ablation study is conducted in two parts. First, we independently evalu-

ate the contribution of each module. LoGStem improves mAP50 by 2.6 percentage

points through enhanced shallow feature extraction; SAOK achieves a 2.1 percent-

age point improvement by optimizing the feature pyramid structure and integrating

spatial-aware mechanisms, while significantly reducing parameters to 0.84 M; and

DyHead brings a 1.1 percentage point performance gain through dynamic detection

head mechanisms. Notably, SAOK not only significantly reduces parameters but also

increases FPS from 133.7 to 160.3, optimizing computational efficiency while improv-

ing accuracy.
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Second, we also evaluate the synergistic effects of different module combinations.

The combination of LoGStem and SAOK achieves 40.7% mAP50, validating the com-

plementarity between shallow feature enhancement and optimized pyramid architec-

ture. When integrating all three modules, the model reaches optimal performance:

mAP50 of 44.6%, an improvement of 10.1 percentage points over the baseline, and

a mAP95 improvement of 7.3 percentage points. The complete model uses only 1.48

M parameters, a 32.7% reduction compared to the baseline.

Table 6.3: Ablation study results on VisDrone2019-val dataset. All
metrics are evaluated using YOLOv10n as baseline with fused pa-
rameters. FPS is averaged over five runs. SAOK represents SAOK
module with optimized feature pyramid.

Model mAP50 mAP95 Params GFLOPs FPS

(%) (%) (M)

(a) Single-block ablation study

Baseline 34.8 20.0 2.2 6.7 133.7

+ LoGStem 37.4 22.0 2.79 16.7 128.3

+ SAOK 36.9 22.3 0.84 11.8 160.3

+ DyHead 35.9 21.0 2.80 7.7 84.2

(b) Combination ablation study

Baseline 34.8 20.0 2.2 6.7 133.7

+ LoGStem + SAOK 40.7 24.5 0.87 21.5 137.2

+ LoGStem + DyHead 39.9 23.8 3.27 17.9 78.4

+ SAOK + DyHead 41.2 24.7 1.46 17.5 107.4

+ All Modules 44.6 27.2 1.48 27.3 101.2
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6.9 Performance of LSCNet on VisDrone2019

LSCNet was created especially for situations involving the detection of small objects.

Compared to baseline models, our approach demonstrates outstanding performance

on this benchmark while maintaining extremely lightweight characteristics. We chose

a number of recent outstanding models from relevant disciplines for comparison, as

summarized in Table 6.4.

Comparison with lightweight models: LSCNet demonstrates superior efficiency by

achieving 44.6% mAP50 with only 1.48 M parameters and 27.3 GFLOPs. Among mod-

els with comparable parameter counts, LSCNet exhibits a significant performance

advantage: it surpasses OSD-YOLOv10 (1.6M parameters), the model with the most

similar size, by 11.2 percentage points in mAP50 while using fewer parameters. Fur-

thermore, LSCNet matches the detection performance of LRDS-YOLO with 64.5%

fewer parameters, reducing the model size from 4.17 M to 1.48 M parameters.

Comparison with specialized UAV detection models: LSCNet demonstrates strong

competitive performance. While achieving a 3.2 percentage point improvement in

mAP50 over EL-YOLO, our method utilizes 65.5% fewer parameters than EL-YOLO’s

4.29M. Although TA-YOLO-S achieves slightly higher accuracy with a 0.8 percentage

point lead in mAP50, it requires 9.4 times more parameters (13.9 M) than LSCNet,

highlighting our model’s substantial advantage in parameter efficiency.

As illustrated in Figure 6.3, we present a three-way comparison featuring Ground

Truth (GT) annotations, baseline model outputs, and LSCNet predictions. In the

upper example showing an intersection scene, the GT labels 68 objects and the base-

line captures 49, while LSCNet identifies 76 objects. The lower example presents a

congested urban traffic environment where the GT marks 186 objects, the baseline

detects only 72, and LSCNet achieves 113 detections.
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Figure 6.3: Comparison of detection results on VisDrone2019 dataset
between baseline model and our proposed LSCNet.

The attention mechanism analysis in Figure 6.4 provides additional insights: the

baseline model (left panel) shows a scattered attention distribution with consider-

able background interference, especially in areas with poor contrast, whereas LSCNet

(right panel) exhibits focused attention responses targeting small objects, includ-

ing roadside pedestrians and faraway vehicles, while effectively minimizing irrelevant

background activation.

Through visual analysis of both detection outputs and attention visualization,

LSCNet demonstrates enhanced capability in detecting small-scale objects such as

pedestrians, bicycles, and distant vehicles, substantially exceeding baseline perfor-

mance. These improvements confirm the soundness and efficacy of the LSCNet frame-

work.

To further analyze the performance of LSCNet, we provide the normalized confu-

sion matrix for the VisDrone2019 dataset in Figure 6.5. The horizontal axis represents

the ground truth labels, while the vertical axis shows predicted labels.

In the matrix, the cells along the main diagonal represent instances where the

model’s prediction matches the ground truth. High values in these cells indicate ro-

bust classification accuracy for the respective categories, also called True Positives.

Unlike standard object categories, the “background” column and row represent the
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absence of an object. In the column of “background”, the model incorrectly predicts

background clutter as a specific object, also known as False Positives. In the back-

ground row, the model fails to detect an existing object, effectively categorizing it as

“background”, which are False Negatives.

For instance, the high value of 0.70 in the cell (Background, Pedestrian) indicates a

relatively high value of missed detections for small pedestrians. Additionally, notable

inter-class confusion exists between visually similar categories. For example, 37% of

“vans” were incorrectly classified as “cars”, and semantic confusion exists between

“pedestrian” and “people.” This may be attributed to the low resolution of aerial

images, which makes it difficult to discern subtle structural differences between vehicle

types, as well as semantic ambiguity in the dataset annotation standards. These are

common challenges in high-altitude aerial imagery.

Figure 6.4: Attention heatmap visualization comparing baseline
YOLOv10 and LSCNet on VisDrone2019 dataset.
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(a) LSCNet

(b) YOLOv10

Figure 6.5: Confusion matrix on VisDrone2019 dataset.
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Table 6.4: Comparative experiment results for different models on
VisDrone2019 dataset. Dashed lines represent unavailable data. Part
of the data is from [2].

Model
Prec.
(%)

Recall
(%)

F1
(%)

mAP50

(%)
mAP95

(%)
Params
(M)

GFLOPs

YOLOv3-tiny 39.1 24.3 22.5 23.6 13.2 9.52 14.3

YOLOv5n 44.5 33.2 38.0 32.9 19.1 2.18 5.8
YOLOv5s 51.1 38.1 43.7 39.3 23.4 7.81 18.8
YOLOv5m 47.7 36.8 37.0 39.4 23.0 20.88 48.0
YOLOv5l 50.7 38.6 43.9 41.4 24.6 46.15 107.8
YOLOv5x 52.1 40.4 45.5 41.0 26.0 86.20 203.9

YOLOv6s 40.3 30.5 30.2 30.2 17.7 4.15 11.5
YOLOv7-tiny 47.6 37.3 41.8 35.8 18.8 6.04 13.3

YOLOv8n 45.0 33.0 38.1 33.1 19.2 2.68 6.8
YOLOv8s 50.7 37.9 43.3 39.1 23.4 9.83 23.4
YOLOv8m 53.3 41.1 46.4 42.5 26.0 23.26 67.5

YOLOv9s 52.0 38.0 39.4 43.9 23.8 6.19 22.1

YOLOv10n 45.0 34.5 39.1 34.5 19.9 2.26 6.5
YOLOv10s 52.7 38.0 44.0 39.8 23.8 7.22 21.4
YOLOv10m 55.1 42.1 47.4 44.2 26.9 15.31 58.9

YOLOv11n 42.7 32.7 37.3 32.2 18.6 2.61 6.5
YOLOv11s 49.9 38.7 43.5 39.4 23.6 9.41 21.3
YOLOv11m 55.7 42.5 48.2 44.1 27.2 20.03 67.7
YOLOv11l 55.5 43.0 48.3 44.4 27.5 25.28 86.6

RT-DETR-R18 [11] 57.2 40.0 47.1 41.4 25.1 20.57 60.0
EL-YOLO [16] 48.6 39.0 42.0 40.6 23.6 4.29 24.7
CPDD-YOLOv8 [54] 51.7 41.7 46.1 41.0 23.5 206.0 141.9
OSD-YOLOv10 [17] 43.9 32.5 37.4 33.4 19.1 1.60 7.9
TA-YOLO-S [55] 53.9 44.3 48.6 45.4 27.7 13.90 43.3
LSOD-YOLO [56] 48.4 38.2 42.7 37.0 - 3.80 33.9
LRDS-YOLO [2] 53.3 41.6 46.0 43.6 26.6 4.17 24.1

LSCNet (Ours) 52.5 42.6 47.1 44.6 27.2 1.48 27.3

6.10 Performance of LSCNet on UAVDT

Training and validating models on different datasets is crucial for assessing model

performance and robustness. It can greatly enhance object identification models’

performance, robustness, and capacity for generalization, guaranteeing their efficacy
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in a range of real-world applications. We carried out thorough training and testing

experiments on the UAVDT dataset to further confirm the LSCNet architecture’s

universality. The LSCNet model exhibits better detection performance, as indicated

in Table 6.5 , with improvements in Precision and mAP50 of 14.5% and 5.06%, respec-

tively. LSCNet outperforms YOLOv10n by 3.63% for the mAP95 measure in partic-

ular, demonstrating consistent detection performance across various IoU thresholds.

We can see that the LSCNet model does better at identifying small objects

by examining the accuracy performance across various categories. Compared with

YOLOv10n, the mAP50 for the truck category increases by 6.58% with a precision

improvement of 20.35%; for the bus category, mAP50 increases by 13.94%, precision

improves by 21.6%, and recall improves by 13.05%. These findings show that LSC-

Net offers notable architectural benefits for detecting small objects, validating that

the synergistic effect of the LoGStem module, SAOK attention mechanism, and Dy-

Head detection head can effectively enhance the model’s capability for small object

detection across different datasets.

Table 6.5: Performance comparison on UAVDT dataset between
YOLOv10n and LSCNet.

Class
YOLOv10n LSCNet

P R mAP50 mAP95 P R mAP50 mAP95

all 32.25 34.10 31.06 18.45 46.75 35.15 36.12 22.08

car 78.25 78.00 83.29 49.47 79.8 69.75 77.93 46.64

truck 9.27 10.38 3.56 1.91 29.62 8.72 10.14 6.99

bus 9.22 13.93 6.34 3.97 30.82 26.98 20.28 12.61

Figure 6.6 compares detection results across three columns: Ground Truth (GT)

annotations, baseline model predictions, and our LSCNet predictions. The first row
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shows an open highway scene under sufficient lighting conditions, where GT contains

15 annotated objects, while the baseline model detects only 13 objects and our LSC-

Net successfully identifies 20 objects. This demonstrates that LSCNet’s detection

capability for vehicles in open high-altitude scenarios with good lighting far surpasses

that of the baseline model. Examining the corresponding attention heatmap reveals

that the model exhibits extremely high attention to small vehicle objects, while also

allocating considerable attention to vehicles parked on both sides of the distant road-

way.

Figure 6.6: Comparison of detection results on UAVDT dataset be-
tween baseline model and our proposed LSCNet.

The second row presents detection performance in blurred nighttime imagery,

where LSCNet correctly identifies the majority of annotated vehicles on the road,

showing substantial improvement over the baseline model. GT contains 11 annotated

objects, excluding vehicles in shadowed areas and those parked outside the road-

way, and the baseline model detects only 2 objects, whereas our LSCNet successfully

identifies 7 objects.

The attention heatmap (Figure 6.7) visualization demonstrates that the model

allocates attention to nearly all vehicles in the image. Notably, vehicles parked in the

shadowed area at the top of the image, which are barely visible to the human eye, also

receive considerable attention from the model, though they were ultimately not in-
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cluded due to confidence scores falling below the threshold. These two examples fully

demonstrate our proposed model’s adaptability to various complex environments.

Figure 6.7: Attention heatmap visualization comparing baseline
YOLOv10 and LSCNet on UAVDT dataset.

6.11 Discussion of LSCNet

As shown in Table 6.4, we compare LSCNet with numerous recent lightweight models

in this domain. The results demonstrate that our method achieves superior perfor-

mance while maintaining fewer parameters compared to other state-of-the-art models.

When compared to the YOLOv10 family, LSCNet (1.48 M params) outperforms

not only the baseline YOLOv10n but also the significantly larger YOLOv10s (7.22 M

params) and YOLOv10m (15.31 M params). Specifically, LSCNet achieves a higher

mAP50 (44.6%) than YOLOv10m (44.2%) while utilizing less than 10% of its param-

eters. Furthermore, LSCNet surpasses the Transformer-based RT-DETR-R18 [11]

(+3.2% mAP50), showing that for edge-based small object detection, a CNN model

is currently more efficient than heavy Transformer architectures.
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Compared to recent specialized UAV models, LSCNet shows distinct advantages.

Specifically, compared with OSD-YOLOv10 [17], which has a similar parameter count

(1.6 M), LSCNet leads by a substantial margin of 11.2% in mAP50, demonstrating

that our architectural innovations (LoGStem and SAOK) provide far superior fea-

ture representation than standard lightweight modifications. When compared with

the high-performing TA-YOLO-S [55], which has 45.4% mAP50, LSCNet achieves

comparable accuracy within 0.8% difference but with a drastic reduction in model

complexity, using only 1/9th of the parameters (1.48 M vs. 13.9 M) and 37% fewer

GFLOPs (27.3 vs. 43.3). Furthermore, LSCNet outperforms LRDS-YOLO [2] by

1.0% in mAP50 while reducing parameters by 64.5% and maintaining a similar com-

putational cost. To provide a more intuitive comparison, we visualize the performance

of lightweight models from Table 6.4 in a radar chart, shown as Figure 6.8.

Despite the promising results, our study has limitations. First, while the param-

eter count is minimized, the increased GFLOPs due to high-resolution processing

slightly reduce the inference speed (FPS) compared to the ultra-fast YOLOv10n.

However, when compared with YOLOv10m, which achieves similar accuracy, LSC-

Net demonstrates a substantial reduction in GFLOPs (27.3 vs. 58.9), representing a

53.6% decrease in computational cost.
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Figure 6.8: Radar chart comparing performance metrics across
lightweight models.



Chapter 7

Conclusion and Future Work

7.1 Conclusion

This thesis focuses on the key challenges of small object detection in UAV aerial

images. We systematically analyzed the limitations of existing real-time detectors,

especially the information loss caused by deep downsampling and the redundancy of

deep semantic layers. In order to solve these problems, we proposed two new archi-

tectures: FemtoDet-P2 and LSCNet, and proved that optimizing feature resolution

and focusing on shallow feature enhancement is the key to balancing edge platform

detection accuracy and computational efficiency.

First, in Chapter 4, we explored the design strategy of ”efficient backbone + deep

neck” by introducing MambaOut backbone and P2 architecture. By using Gated CNN

mechanism, we successfully suppressed background noise and captured global context

information without the SSM hardware latency. We found that the introduction of

high-resolution P2 layer can significantly restore the spatial details of small objects

(less than 16×16 pixels). FemtoDet-P2 reached 40.4% of mAP50 on the VisDrone2019

dataset, verifying that high-resolution features are crucial for aerial object detection,

although this method increases the computational cost.

Based on the research results of FemtoDet-P2, we discussed the redundancy of

66
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deep feature layers in Chapter 5. Our empirical analysis shows that in the UAV

scenario, the deep P5 layer contributes less than 7% to the detection performance.

Therefore, we propose a lightweight architecture LSCNet based on shallow feature cas-

cade strategy. We replaced the inefficient deep pyramid layers with targeted shallow

feature enhancement modules: LoGStem module for robust initial edge extraction,

SAOK module for P3/P4 multi-scale feature fusion, and DyHead module for unified

attention. This design successfully shifted the focus of computation from semantic

abstraction to spatial refinement.

Finally, in Chapter 6, we comprehensively evaluated the performance of LSCNet

with state-of-the-art lightweight detection models on the VisDrone2019 and UAVDT

benchmark datasets. The results show that LSCNet achieves higher detection accu-

racy with fewer parameters. On the VisDrone2019 dataset, LSCNet achieved 44.6%

of mAP50, 10.1% higher than the baseline model YOLOv10n, and surpassed the latter

when the parameter amount was less than 10% (1.48 million) of YOLOv10m. Simi-

larly, on the UAVDT dataset, LSCNet shows significant robustness in complex scenes

such as night scenes and high-speed movements, and mAP50 is 5.06% higher than the

baseline model.

Unlike traditional object detectors that rely on deep stacked convolution layers,

our work proves that for small object detection based on UAVs, a simplified archi-

tecture focusing on shallow high-resolution feature processing can significantly im-

prove efficiency and accuracy. LSCNet provides a feasible solution for deploying

high-performance detection algorithms on resource-constrained UAV platforms.

7.2 Future Work

Although our method has shown good results, we also realize that relying on high-

resolution feature maps to retain small object details will bring additional computing

costs. In the future, the complexity of the model can be reduced by means of feature
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distillation and network pruning, so as to reduce this trade-off and achieve more

lightweight deployment. Future work will mainly focus on the following directions:

First, we will further optimize LSCNet to reduce its computational cost. Although

LSCNet itself is already lightweight, processing high-resolution shallow features still

imposes significant memory overhead. We plan to explore structured pruning technol-

ogy and knowledge distillation to further compress the model. By refining knowledge

from a larger, high-precision teacher model into a more compact student model, we

aim to maintain the accuracy of small object detection while significantly reducing

the number of floating-point operations (FLOPs).

Secondly, we plan to extend the efficiency analysis of the deep pyramid layers

initially carried out on YOLOv10 to a wider range of pyramid networks and detection

scenarios. We aim to study whether redundancy in deep semantic layers is a common

phenomenon in small object detection tasks in different architectures. This analysis

will guide the design of a more adaptive feature pyramid, which can dynamically

allocate computing resources according to the scale distribution of the object.
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