Pre prints.org

Article Not peer-reviewed version

Small Object Detection in Synthetic
Aperture Radar with Modular Feature
Encoding and Vectorized Box
Regression

Xinmiao Du " and Xihong Wu "

Posted Date: 15 July 2025

doi: 10.20944/preprints2025071152.v1

Keywords: synthetic aperture radar; small object; arbitrary orientations; grouped-deformable convolution;
local binary pattern; vector decomposition

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4595390
https://sciprofiles.com/profile/4593856

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 July 2025 d0i:10.20944/preprints202507.1152.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Small Object Detection in Synthetic Aperture Radar
with Modular Feature Encoding and Vectorized
Box Regression

Xinmiao Du * and Xihong Wu *

School of Intelligence Science and Technology, Peking University, Beijing 100080, China
* Correspondence: 2001111389@stu.pku.edu.cn (X.D.); wxh@cis.pku.edu.cn (X.W.)

Abstract

Object detection in synthetic aperture radar (SAR) imagery poses significant challenges due to low
resolution, small objects, arbitrary orientations, and complex backgrounds. Standard object detectors
often fail to capture sufficient semantic and geometric cues for such tiny targets. To address this issue,
a new Convolutional Neural Network (CNN) framework called Deformable Vectorized Detection
Network (DVDNet) has been proposed, specifically designed for detecting small, oriented, and
densely packed objects in SAR images. The DVDNet consists of Grouped-Deformable Convolution
for adaptive receptive field adjustment to diverse object scales, a Local Binary Pattern (LBP)
Enhancement Module that enriches texture representations and enhances the visibility of small or
camouflaged objects, and a Vector Decomposition Module that enables accurate regression of
oriented bounding boxes via learnable geometric vectors. The DVDNet is embedded in a two-stage
detection architecture and is particularly effective in preserving fine-grained features critical for small
object localization. The performance of DVDNet is validated on two SAR small target detection
datasets, HRSID and SSDD, and it is experimentally demonstrated that it achieves 90.9% mAP on
HRSID and 87.2% mAP on SSDD. The generalizability of DVDNet was also verified on the remote
sensing dataset Pascal VOC 2012 and the generalized dataset HRSC2016. All these experiments show
that DVDNet outperforms the standard detector. Notably, our framework shows substantial gains in
precision and recall for small object subsets, validating the importance of combining deformable
sampling, texture enhancement, and vector-based box representation for high-fidelity small object
detection in complex SAR scenes.

Keywords: synthetic aperture radar; small object; arbitrary orientations; grouped-deformable
convolution; local binary pattern; vector decomposition

1. Introduction

Object detection in SAR images is a crucial task for applications in surveillance, urban planning,
traffic monitoring, and disaster management. In recent years, deep learning has led to remarkable
advances in generic object detection on natural images [1-5]. Two-stage detectors like Faster R-CNN
[2] and one-stage detectors like YOLO [3] achieve high accuracy and speed on benchmarks such as
COCO. However, affected by speckle noise, complex imaging geometry and other factors, SAR
images present very different characteristics from optical images, and it is often difficult to obtain
ideal results by directly migrating the above methods.

There are many challenges in SAR target detection tasks. SAR images typically contain objects
at vastly different scales, in arbitrary orientations, in very dense distributions, and against highly
complex backgrounds. Standard detectors assume fixed-size receptive fields and mostly axis-aligned
bounding boxes, which struggle with these conditions. Small objects may be missed by deep
networks optimized for larger objects, rotated objects may not be well enclosed by axis-aligned boxes,
densely packed objects can cause overlapping detections to be merged or missed, and background
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clutter can lead to many false positives. Notably, small object detection remains particularly
challenging in SAR scenarios due to limited resolution and scale variance, making it a crucial focus
of this work.

Various approaches have been explored to handle individual aspects of these issues. For instance,
multi-scale feature pyramids [6] or multi-scale training strategies are used to detect objects of
different sizes. For arbitrary orientations, some methods introduce rotated anchors or rotated
bounding box regression [7-11] to better localize angled objects. Nevertheless, existing detectors
typically address these challenges in isolation and still encounter limitations when faced with the full
complexity of SAR imagery. There is a need for a unified approach that can concurrently tackle scale
variation, orientation, density, and background clutter [12-17].

In this paper, we propose a comprehensive solution, leveraging three key innovations in a single
framework. Grouped-Deformable Convolution (GDConv) layers that provide adaptive receptive
fields for multi-scale and deformable object shapes while keeping the model efficient. An LBP
Enhancement Module that injects rich local texture features (via the classic Local Binary Pattern
descriptor) into the CNN feature maps to help distinguish objects from complex backgrounds. A
Vector Decomposition Module that predicts each object's bounding box using a pair of vectors,
enabling an effective and continuous representation of oriented boxes without angular ambiguities.
By integrating these components into a standard CNN-based detection pipeline, our method directly
addresses the four challenges described above. GDConv handles scale and shape variation, LBP
features improve detection of small or low-contrast objects in clutter, and the vector decomposition
handles arbitrary object orientations and aspect ratios. This design is especially beneficial for
detecting small targets, which are prevalent and critical in SAR imagery applications.

A novel SAR target detection framework, Deformable Vectorized Detection Network (DVDNet),
was designed. It combines grouped deformable convolutions, an LBP-based texture enhancement,
and a vector decomposition-based bounding box encoding. To our knowledge, this is the first work
to unify these three components in a single detector. In summary, the contributions of this work are
as follows.

(1) Grouped Deformable Convolution (GDConv) was designed, which synergistically merges
deformable convolution [18] with grouped convolution [19]. This module allows the network to learn
adaptive sampling of features while controlling the number of parameters and computational cost.

(2) We design an LBP Enhancement Module that seamlessly integrates Local Binary Pattern
computation into the CNN. The module extracts local texture patterns from feature maps and fuses
them with learned features, providing complementary cues that improve the detection of small,
densely packed objects and reduce false detections in textured backgrounds.

(3) We contrive a Vector Decomposition Module for bounding box regression. Instead of
predicting width, height, and orientation angles directly, our detector predicts two vectors from the
object’s center to its bounding box sides. This yields a flexible representation for rotated boxes,
avoiding issues of angle periodicity and enabling more precise localization of oriented objects.

Finally, we conducted ablation experiments and comparison experiments on two SAR small
target detection datasets, HRSID and SSDD, to evaluate the proposed DVDNet. To validate the
generalization performance of the model, extensive experiments are also conducted on the general-
purpose dataset Pascal VOC 2012 and the remote sensing dataset HRSC2016. DVDNet achieves much
higher mAP than the baseline detector on all datasets, with a significant improvement in precision-
recall performance. Also, detailed ablation studies and analyses are provided to demonstrate the
effectiveness of each proposed component.

The remainder of this paper is organized as follows. Section 2 reviews related work in SAR object
detection, deformable/grouped convolutions, and texture/orientation modeling in CNNs. Section 3
presents the proposed method, detailing the overall architecture and each module. Section 4 reports
experimental results on four datasets, including quantitative comparisons and discussions. Finally,
Section 5 concludes the paper with remarks and future directions.
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2. Related Work

2.1. Small Object Detection

Small object detection is one of the most persistent challenges in computer vision, particularly
in aerial and remote sensing imagery. Compared to medium or large objects, small targets occupy
fewer pixels and often lack sufficient contextual cues, making them easily overlooked by standard
detectors. Deep CNN architectures tend to lose spatial detail in higher layers due to successive
downsampling, which further degrades the detectability of tiny objects [15,23].

To alleviate this, various techniques have been proposed. Multi-scale feature fusion frameworks
such as [24] and [25] improve representation for different object sizes. Others incorporate context
modeling [26] and super-resolution modules [27] to preserve or restore details essential for
recognizing small objects. Despite these efforts, small object detection in complex SAR scenes remains
highly challenging due to extreme scale variation, dense distribution, and background clutter.

This motivates our proposed method, which explicitly enhances small object detectability
through grouped deformable convolution for adaptive feature extraction and an LBP-based module
for capturing local textures. These components are particularly valuable in remote sensing, where
small vehicles, ships, or infrastructure must be reliably localized in large-scale images.

2.2. SAR Object Detection

Object detection in SAR images has received increased attention in recent years. Early
approaches often applied general-purpose detectors to SAR datasets; for example, Fast/Faster R-CNN
[2,28] and SSD were evaluated on SAR images. However, these methods are difficult to cope with the
unique characteristics of SAR data, such as coherent speckle noise, differences in target scattering
characteristics, etc., which has led to the development of specialized methods and benchmarks.
Datasets such as MSTAR [29] and SSDD [30] were introduced as benchmarks for SAR target detection,
where many targets are labeled by rotating bounding boxes or horizontal boxes. This has led to the
development of specialized detectors for arbitrary target orientations, tiny target sizes, and complex
backgrounds in SAR images.

One line of work focuses on handling rotated objects. For instance, Ding et al. propose the ROI
Transformer [7,31], which learns to refine horizontal region proposals into rotated regions of interest,
improving orientation sensitivity in two-stage detectors. Yang et al. introduce SCRDet [9], which
addresses rotated and small objects by applying an improved rotation-invariant loss and attention
modules for cluttered scenes. Many methods incorporate rotated anchor boxes or angle prediction
branches to extend anchor-based detectors for oriented bounding boxes. While these methods show
improved accuracy on oriented objects, they often introduce complex multi-branch outputs or extra
angle parameters that require careful handling to avoid angle periodicity issues.

Another research direction addresses multi-scale and dense object detection in SAR images.
Feature pyramid network (FPN) architectures [6] have been widely adopted to fuse multi-scale
feature maps, enabling better detection of small objects. Contextual information and attention
mechanisms have also been explored to help detect objects in crowded scenes. For example, some
models include global context modules or higher resolution feature branches to ensure that tiny
objects are detected. Despite these enhancements, detecting very small objects in the presence of large
ones remains challenging, as the feature representation needs to be rich at multiple scales.

In summary, important improvements such as rotating bounding box regression and multi-scale
feature fusion have been introduced in the related work of SAR object detection. However, many
existing approaches focus on one aspect at a time. Our work aims to build upon these ideas by
providing a unified framework that tackles multiple challenges simultaneously. Our network
handles rotation through a novel bounding box parameterization, improves multi-scale detection via
deformable convolutions and feature augmentation, and leverages texture cues to better separate
objects from complex backgrounds. Notably, small target detection has been a challenge in SAR
scenarios due to resolution limitations and background clutter, which is explicitly addressed in our
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design. Through the integration of grouped deformable convolution and LBP-enhanced features, our
model significantly improves the detectability of tiny, densely packed objects, as further validated by
our results on the HRSID and SSDD dataset.

2.3. Deformable and Grouped Convolutions

Modern CNN-based detectors rely on learned convolutional features, and numerous
modifications to the convolution operation have been proposed to enhance its capability. Deformable
Convolutional Networks (DCN) [18] introduced a learnable offset for each convolution kernel
position, allowing the sampling grid to shift dynamically based on input content. This enables the
network to adaptively attend to an object's shape and orientation. DCN has demonstrated improved
detection accuracy, especially for non-rigid or rotated objects, and has been integrated into detection
frameworks and subsequent versions (DCNv2 [32]) with additional offset refinement and
modulation.

While deformable convolutions increase modeling flexibility, they also add parameters and
computational cost due to the extra offset fields. In parallel, grouped convolutions have been
explored as a way to improve efficiency. First introduced in AlexNet for splitting across GPUs and
later popularized by ResNeXt [19], grouped convolution divides the input channels into groups and
performs convolution separately on each group, reducing the total number of connections. Extreme
cases of grouped convolution include depthwise separable convolutions (as in MobileNets), which
drastically reduce computation. Grouped convolutions can also be seen as allowing sets of filters to
specialize on different subsets of features.

Combining the benefits of deformable and grouped convolutions is a promising idea that has
begun to gain traction. By applying deformable convolution in a grouped manner, one can retain the
adaptive sampling capability while limiting the parameter growth. For example, if the feature maps
are split into G groups, each group can learn its own offset fields and filters focusing on a portion of
the channels. This approach, which we call Grouped Deformable Convolution (GDConv), yields an
efficient yet flexible layer [33,34]. It has been hinted in recent works on efficient detection in remote
sensing that grouped deformable conv can improve accuracy-cost trade-offs. However, a systematic
integration of GDConv in a general object detection architecture has been little explored [35,36]. In
our work, we incorporate GDConv into the backbone of the detector to handle multi-scale object
features. By doing so, we allow different groups of feature channels to adjust to different object scales
or orientations through learned offsets, while keeping the overall model complexity manageable.
This is particularly beneficial for SAR images, where some feature channels/groups might specialize
in large structures like buildings and others in small objects like vehicles [4,8,37].

2.4. Texture Descriptors and Oriented Bounding Boxes

Before the deep learning era, hand-crafted texture descriptors such as SIFT, HOG [38] and Local
Binary Patterns (LBP) [38] played a key role in object detection and recognition tasks [39,40]. LBP, in
particular, is a simple yet powerful operator that thresholds the neighborhood of a pixel to create a
binary pattern encoding local texture [41,42]. It has properties of being illumination-invariant and
computationally trivial, making it useful for tasks like face detection and texture classification. With
the rise of CNNs, these hand-crafted features were largely supplanted by learned features.
Nevertheless, there is evidence that they can still provide complementary information to CNNs. For
instance, some researchers have combined LBP with CNN features for tasks such as face mask
detection, showing improved precision [43]. In aerial images, where objects like roofs, roads, or
vehicles have distinctive texture patterns, incorporating LBP descriptors can enhance the feature
representation. Our work includes an LBP enhancement module that explicitly computes local binary
patterns on feature maps and merges them with the network’s learned features, leveraging classical
domain knowledge in a deep model [44,45].

Another aspect of related work relevant to our approach is the representation of oriented
bounding boxes. Most object detectors represent boxes by their center coordinates and side lengths.
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However, directly regressing an angle can be tricky due to the discontinuity at 360° = 0°. Some
approaches like SCRDet [9] mitigate this by using alternative parameterizations or loss functions that
are smooth over angle changes. A recent trend is to represent oriented boxes with vectors or
keypoints rather than an angle. For example, Yang et al. represent a rotated box by predicting the
boundary vectors from the center to each of the four sides, to avoid direct angle prediction. Similarly,
Zhou et al. [46] propose a vector decomposition-based method for oriented object detection, showing
that it can achieve high accuracy without angle regression by predicting a set of vectors for each box.
These works indicate that vector-based representations are effective for modeling orientation [47,48].

Inspired by these ideas, we implement a vector decomposition module in our detector. Unlike
BBAVectors which predicts four vectors or other complex schemes, we opt for a minimal
representation, two vectors from the box center to define the box. This is equivalent to specifying the
oriented box by its center, one vector to describe the half-width in the direction of one side, and
another vector to describe the half-height in the perpendicular direction. Such a representation is
compact and avoids redundancy. It inherently encodes the orientation and size of the object and
aligns well with the regression tasks in detection heads. Our approach integrates this representation
into a standard two-stage detector’s head, differing from prior anchor-free implementations [46], and
couples it with the aforementioned modules for a more holistic solution [49,50].

3. Methods

In this section, we describe the architecture of the proposed detection network and detail each
of its main components. These are the overall framework, the grouped deformable convolutional
layers, the LBP enhancement module, the vector decomposition module for bounding box regression,
and the loss function for training.

3.1. Overall Framework

The overall network architecture is illustrated in Figure 1. It follows a two-stage detection
paradigm built on a CNN backbone with feature pyramid networking, augmented by our proposed
modules. The framework consists of the following parts.
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Figure 1. Overview of the proposed detection framework.

First, we use a deep CNN backbone, such as ResNet-50, to extract the feature map from the input
image. We merge GDConv layers into the backbone. Specifically, we replace standard convolutions
in certain intermediate layers with grouped deformable convolutions. For example, the last layer of
the conv3 and conv4 blocks in ResNet-50. This modification allows those layers to adapt their
receptive field according to object geometry. The output of the backbone is a set of feature maps at
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different resolutions. We employ a Feature Pyramid Network (FPN) structure [6] to combine high-
level and low-level features, producing a pyramid of feature maps (P; through P;, for instance) that
represent the image at multiple scales.

To enhance the low-level features with texture information, we then design an LBP module
(Section 3.3). We apply this module to one of the higher-resolution feature maps in the pyramid such
as P;, which has relatively fine spatial granularity. The LBP module computes local binary pattern
codes for each spatial location on that feature map, yielding an additional set of channels that capture
local texture patterns, such as edges, corners, etc. These LBP feature channels are then concatenated
with the original feature map channels. A 1x 1 convolution is used to fuse and reduce the
dimensions, producing an enhanced feature map that now contains both learned features and LBP
features. This enhanced feature map is fed downstream for proposal generation and detection.

We utilize a Region Proposal Network [2] operating on the multi-scale feature maps to generate
candidate object proposals. RPN has been enhanced to handle rotated proposals. It uses a small set
of anchor boxes at each position. By default, the axes are aligned with various scales and aspect ratios.
Given that our backbone features are already rotation-sensitive thanks to GDConv and LBP, we
found it sufficient to use standard horizontal anchors. The RPN produces a set of proposal boxes
(axis-aligned) with objectness scores. We apply non-maximum suppression (NMS) to filter
overlapping proposals.

—
D ... § ?
Headl

e — % ) :
Head2 |  —— ... KK I:,—|

......
o= 1=*%
Head3

Figure 2. The RPN infrastructure.

For each proposal, we extract a fixed-size ROI feature using ROI Align on the appropriate FPN
level. These ROI features are then processed by the detection head, which has two branches,
classification and regression. The classification branch (usually two fully connected layers and a
softmax or sigmoid output) predicts the object class (or background). The regression branch is
modified in our approach to include the Vector Decomposition Module (Section 3.4). Instead of
predicting the standard 4 regression offsets for bounding box (d,,d,,d,,,dy,), our regression head
predicts a set of vector parameters that describe the bounding box. Specifically, it predicts (Ax, Ay)
for the center offset (relative to the proposal center) and (vyy, V1y, Vax, V2y) Which are components
of two vectors v; and v, emanating from the box center. These vectors, when combined with the
center, define an oriented bounding box. The vector decomposition module takes these predictions
and constructs the final detected bounding box (as an oriented box, which can be converted to a
standard axis-aligned box for evaluation if needed). During training, this head is supervised to match
the ground-truth boxes' vector representations.

In summary, our framework extends a standard two-level detector with the following new
components. A GDConv layer for embedding the backbone for better feature extraction. An LBP
module for texture enhancement and a vector-based bounding box regression header for orientation.
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The design is modular, and each component can be ablated or modified independently, as we will
analyze in experiments.

3.2. Grouped Deformable Convolution (GDConv)

The grouped deformable convolution is a central component of our model, aiming to improve
the backbone's ability to handle objects of varying shape and scale without incurring excessive
computation. We build on the original deformable convolution operation [18]. A standard
deformable convolution adds learnable offsets to the sampling locations of a convolution kernel.
Formally, for a given convolution layer with kernel K (of spatial size k x k) applied to an input
feature map x, a normal convolution at location p, computes, as shown in Equation 1.

y(po) = Z w(p) - x(po + po), (1)
pi€K
where w(p;) are the weights and p; ranges over the k? relative positions in the kernel. In a
deformable convolution, each sampling location is shifted by an offset Ap; that is learned via an
offset prediction convolution. The operation becomes Equation 2.

y(po) = Z w(p) - x(po + pi + Lpy), )
Pi€K
where Ap; is a fractional offset vector specific to position p;. These offsets are output by an auxiliary
convolutional layer that takes the same input x and produces 2k? channels (for the x and y
offsets of each kernel point). This mechanism allows the convolution to sample features from a
flexible receptive field shape, e.g., aligning along an object's contour or focusing on a small region if
the object is small.
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(a) Ordinary Conv (b) GDConv

Figure 3. The structure of the GDConv.

Our proposed GDConv modifies this by introducing the concept of groups G in the deformable
convolution filter. Instead of one monolithic deformable convolution over all input channels, we
partition the input channels into G groups (and similarly the output channels into G groups for
simplicity, such that each group of input channels maps to a group of output channels). For each
group g (where g = 1,...,G), a separate deformable convolution is applied, as follow Equation 3.

Yg(po) = Z wy @) - x4 (po + pi + OP1g) 3)
Di€K

where x; and y, denote the input and output feature maps restricted to group g channels, and
w, are the weights for group g. Importantly, the offset p;; can also be group-specific. In
implementation, this means we have G separate offset fields (each output by its own small

convolution or a unified convolution that outputs 2k? x G values and we split them per group).
The benefit of grouping is two folds. On the one hand, for the parameter reduction. In a standard
conv layer with C;, inputand C,,; output channels, the number of weights is Cyy; X Cyy, X k?. With

in

G groups, each output channel only connects to % inputs. Assuming C,, is divisible by G, the
weight count becomes C,,,; X C(‘;—" x k%, which is % of the original. Thus, grouping can dramatically
reduce the parameters and computation if G is large. We typically choose a moderate G (e.g., 4 or
8) to balance efficiency and representation power.

On the other hand, different groups can learn to handle different types of features. In the context
of SAR images, one group of filters and offsets might specialize in capturing large-scale structures
(buildings, roads) by learning appropriate offsets (e.g., wider spread), while another group might
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focus on small objects (cars, signals) by learning offsets that hone in on fine details. Group-specific
deformable offsets mean each group can deform its sampling grid in a different manner tailored to
the subset of features it processes.

We apply GDConv in intermediate layers of the backbone where feature resolution and channel
depth make it most beneficial. For example, the conv3 and conv4 stage, which produces medium-
sized feature maps, is a good candidate in the ResNet backbone. These layers can see objects of
different sizes and shapes, and increased deformability would help, while grouping reduces the
added cost. By the conv5 stage, the feature map is very coarse (small spatially) and channels are high;
one might still use GDConv there, though we found most benefits come from earlier stages.

GDConv is implemented by modifying the convolution layers in the network definition. During
training, the offset convolution for each group learns to produce offsets that minimize the detection
loss (indirectly, through backpropagation from the detection objective). We initialize the offsets to
zero (so initially it behaves like a normal conv), and let the network gradually learn deformations. In
our experiments, GDConv demonstrated the ability to deform to aligned with object orientations and
scale regions. We observed offset vectors that elongate along vehicles and adjust around building
boundaries, which validates the expected behavior.

3.3. LBP Enhancement Module

To better detect small objects and distinguish objects from background clutter, we incorporate
Local Binary Pattern (LBP) features into the CNN. LBP is a classical operator that captures local
texture by comparing each pixel with its neighbors [38]. In its basic form (with 8-connected
neighborhood), the LBP value at pixel (i,j) is computed by thresholding the 3 x 3 patch around it.

LBP(i, ) = Z 1, =1} 2", )
n=0

where I, is the intensity of the center pixel, I, are the intensities of the 8 neighboring pixels, and
1{-} is an indicator function that outputs 1 if the condition is true (neighbor pixel brighter or equal to
center) or 0 otherwise. The result is an 8-bit code (0-255) describing the local pattern. This code can
also be interpreted as a set of 8 binary features.

Our LBP module operates on a feature map to extract texture information that the CNN's learned
filters might not explicitly capture. We choose a relatively high-resolution feature map from the
backbone or FPN for this purpose. This map has a rich amount of detail about edges and small
structures. We first transform this feature map to a single-channel representation suitable for LBP.
One simple way is to take the intensity or the average across channels. In practice, we found that
applying LBP on each channel separately and then aggregating was unnecessary; instead, we apply
a 1 x 1 convolution to collapse the feature map into one channel and then compute LBP on that.

Local Binary Pattern Enhancement Module

Figure 4. Overview of the LBP.
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The LBP computation is implemented as a fixed (non-learnable) operation within the network.
For each spatial location of the chosen feature map, we evaluate the 8 comparisons with its immediate
neighbors. This yields 8 binary maps (one for each bit of the LBP code). We treat these 8 binary maps
as 8 additional feature channels. These binary feature maps highlight local texture transitions; for
example, one channel might indicate where a pixel is darker than its right neighbor, another where
it is darker than its top neighbor, etc. Patterns like edges will produce distinctive streaks in these
channels.

Next, we fuse the LBP features with the original CNN features. We concatenate the 8 LBP
channels with the original feature map’s channels. This creates an augmented feature map with 256+8
channels. To avoid a disproportionate increase in dimensionality and to allow the network to learn
how to best use these new features, we apply a 1 X 1 convolution after concatenation. This 1 X 1
convolution compresses the feature back to the original number of channels (256) or another desired
dimension, and it learns the optimal weighting between original features and LBP features. In essence,
this provides the network a chance to attend to LBP cues as needed. During training, the gradients
flow through this fusion layer into both the previous CNN layers and the fixed LBP computation.

The effect of the LBP enhancement is that certain fine details become more salient. For example,
in a SAR image, a small vehicle might produce a particular LBP pattern that helps it stand out from
a similarly colored road. The CNN alone might not pick this up if the vehicle is only a few pixels, but
the LBP will generate a strong binary pattern indicating an object boundary. By integrating this, our
detector sees an improved feature representation. This typically leads to higher precision and higher
recall for tiny objects. We will show in experiments that adding the LBP module yields a noticeable
improvement especially on datasets with small objects.

It is worth noting that the LBP module adds negligible computational load. It involves simple
comparisons and bitwise operations. There are no learned parameters in generating the LBP maps,
and only a small overhead in memory for the additional channels. Therefore, it is an attractive plug-
in module for improving feature richness without the risk of overfitting.

3.4. Vector Decomposition Module for Bounding Boxes

The vector decomposition module is our approach to predicting object bounding boxes,
particularly to handle oriented objects. Traditional detectors parameterize a bounding box by
(tx, ty, tws th), which are the relative offsets of the box center and the log-scale offsets of width and
height with respect to some reference [2]. Some oriented detectors add a fifth parameter for the angle
0. However, predicting 6 directly can be problematic due to the discontinuity at 27 and because a
small change in angle can cause a large change in box coordinates when the box is almost square.
Instead, we opt for a vector-based representation that is smooth and continuous.

In our module, an object’s bounding box is represented by two vectors v; and v, originating
from the box center (see Figure 1). These can be thought of as the directions towards two adjacent
sides of the rotated rectangle. More concretely, let (x.,y.) be the coordinates of the box center. We
define v; = (le, vly) as the vector from the center to the midpoint of the box’s first side, and v, =
(vz o vzy) as the vector from the center to the midpoint of the second side (which is the adjacent side,
90 degrees rotated from the first). In an oriented rectangle, these two vectors should be perpendicular
and their lengths correspond to half of the box’s width and height, respectively. The four corners of
the bounding box can be recovered as Equation 5.

corner;, = (x.,y.) £ v; and corners, = (x.,y.) * vy, (5)

where v; corresponds to width and v, to height. However, we do not enforce orthogonality or any
explicit constraints in the prediction, this is learned implicitly. If the object is axis-aligned, v; might
align with the horizontal such as (g O) and v, with the vertical (0, %) If the object is rotated by
some angle, v; will rotate accordingly and v, should rotate by the same angle. In cases where the

object does not have a clear orientation (or orientation is not annotated), the network is free to output
any consistent pair V7,7, that covers the object.
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During training, we generate target vectors for each ground-truth box. For a horizontal ground-
truth box, we set ¥; = (WT, O) and 75 = (0, h?) in the coordinate frame of the proposal (i.e., relative

to the proposal center and axes). Here w*, h* are the ground truth box width and height. For an
oriented ground truth (if available, e.g., in a SAR dataset with oriented annotation), we compute v}
and 75 as half-length vectors along the ground truth box's orientation. These serve as regression
targets for the network’s predictions.

Our detection head’s regression branch is thus modified to output 6 values per object
{Ax, Ay, vyy, Viys Vaxs vzy}. For class-specific regression, or 6 per class for class-specific, but we use
class-agnostic regression for simplicity. Ax,Ay are the center offset of the predicted box relative to

*p

the proposal’s center (just like in Faster R-CNN), encoded as Ax = x; - Ay =y —Z—" for
P P

ground truth (with p denoting proposal, * ground truth). For the vectors, we similarly normalize
by the proposal size, as follow Equation 6.

* * * *
_ Vix _ U1y _ Vax _ V2y
tle - w ’ tvly - h ’ tv2x - w. ) v2y — h (6)
14 P 14 p

as target values. The network outputs corresponding predictions (£,1x, £p1y, tyoxs tyay) Which are
then scaled back by w,,h, to yield the predicted ¥;and v, in absolute terms. (We treat each
component as an independent regression task.)

One advantage of this approach is that it sidesteps the difficulty of angle prediction. If an object
rotates gradually, the predicted vectors can rotate gradually as well, without any abrupt changes or
wrapping around. Another advantage is that by predicting the full vectors, the model can, in
principle, handle non-rectangular shapes or slight deviations if needed by adjusting v; and v,.

At inference time, once we have Ax,Ay, ;?:, 5; for a proposal, we reconstruct the detection box.
The predicted center is (¥, ¥;) = (xp +Ec Wy, Yp t+ A} . hp). The predicted vectors in absolute
coordinates are 1’7; = (171}, va) = (t;;x Wy, by hp), and similarly 3; We can directly output the
oriented bounding box defined by (X;,y.) and /17;, {7; For evaluation on datasets like VOC/COCO
that expect axis-aligned boxes, we compute the axis-aligned bounding box that minimally encloses
the oriented box.

The vector decomposition module adds a bit more output to the network, but this overhead is
minor. We found that the network learns to predict perpendicular vectors for most objects, effectively
learning the concept of oriented boxes. In cases where orientation is ambiguous, the network might
output arbitrary perpendicular vectors which still yield a valid bounding box. This representation
proved robust in our experiments, especially improving the localization of rotated objects.
Additionally, even on datasets with only horizontal annotations, the vector approach did not harm
performance; in fact, it slightly improved localization accuracy, likely because the model could adjust
corners in a more flexible way than the standard width/height parameterization.

3.5. Loss Function

We train the entire network end-to-end using a multi-task loss that combines classification and
localization terms, following the standard practice in two-stage detectors [2]. The overall loss £ is a
sum of four components, as shown in Equation 7.

L = Lgpn.as + LrpNreg T Lrotcls T LROI-regs (7)

where RPN and ROI (region-of-interest) denote the proposal network and the second-stage detection
head, respectively. We describe the latter two (ROI) in detail as they pertain to our contributions (the
RPN uses standard losses as in Faster R-CNN).

For the classification branch of the ROI head, we use a cross-entropy loss over N, classes (plus
background). For each predicted region i, Lg;.qs = — logp; .+, Where p; .+ is the softmax probability
for the ground truth class c* (or the background class if the proposal does not match any object with
IoU > 0.5). We sum this over all ROI examples.
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For the regression branch, we define a smooth L1 loss [51] on the vector parameters. Let ¢ =

(Ax, DY, Corer torys toes t;;y) be the predicted transformations for a given ROI, and t* the ground-
truth transformation (as defined in Section 3.4). We use Equation 8.
Llizm-reg = SmoothL1 (Ec - Ax*) + SmoothL1 (51 - Ay*)
+SmoothL1(t,;, — ty1,) + SmoothL1(t,, — t5y,) (8)
+SmoothL1(t,,, — t;,,) + SmoothL1(t,z, — t5sy)

We apply this regression loss only to positive ROIs (those matched to a ground-truth object).
The SmoothL1 (Huber) loss [51] is defined as Equation 9.

0.5d? ifldl <1
S thL1(d) = ! !
oo @ {Idl — 0.5, otherwise, )

which is less sensitive to outliers than L2 and is standard for box regression tasks.

The RPN is trained with a similar loss. Binary cross-entropy for object classification and
SmoothL1 for regressing proposal coordinates. We weight the losses such that classification and
regression contributions are roughly balanced. In practice, we set A = 1 as the weight for the ROI
regression loss relative to ROI classification, after normalizing by number of examples, which worked
well (this follows the practice from Fast R-CNN [51]). The RPN loss is also weighted with Agpy = 1.

No additional loss terms are needed for the LBP module or GDConv —those are implicitly
learned through the effect they have on the detection accuracy. One could consider an auxiliary loss
to encourage v; L v, (perpendicular) or similar, but we found it unnecessary as the network
naturally learns near-perpendicular vectors for rectangular objects to minimize regression error.

4. Experiments

We first validate the performance of the model on two major SAR small target detection datasets,
HRSID and SSDD. Among them, an example of the dataset for SAR target detection is shown in
Figure 5. Then, the generalization performance of the proposed model is validated on the remote
sensing target detection dataset HRSC2016 and the natural image dataset Pascal VOC 2012.

4.1. Datasets and Implementation

We compare our model with baseline detectors and perform analyses to highlight the impact of
each component. We use standard evaluation metrics including mean Average Precision (mAP) as
well as Precision and Recall at a specified IoU threshold. In all experiments, our model is initialized
from an ImageNet-pretrained ResNet-50 backbone. Unless otherwise noted, we use G = 4 groupsin
GDConv layers, and include the LBP module and vector decomposition in all results for our model.
The baseline for comparison is a Faster R-CNN with FPN [2,6] using the same ResNet-50 backbone
but without deformable conv, without LBP, and with the standard box regression. We refer to our
full model as GDConv+LBP+Vec and the baseline as Baseline (Faster R-CNN).

Our model is implemented in PyTorch. GDConv layers are inserted in the ResNet-50 at layers
res3_3,res4_6, replacing the 3 X 3 conv in those blocks with a deformable conv of the same size and
4 groups. The LBP module is applied on the P3 feature; we reduce it to 1 channel and compute LBP
using 8-neighborhood. The 8 binary maps are concatenated and passed througha 1 X 1 conv to get
back 256 channels. For vector decomposition, our ROI head outputs 6 regression values per ROI
instead of 4. We still use class-agnostic regression for simplicity.

All models are trained with stochastic gradient descent (SGD). For VOC and COCO we train for
12 epochs. We apply standard data augmentations, horizontal flips for VOC/COCO and random scale
jitter. For ImageNet, we did horizontal flips and multi-scale training. In inference, we use a single-
scale and NMS with threshold 0.5 on final detections.
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HRSID

SSDD
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Figure 5. Samples on the HRSID and SSDD datasets.

The HRSID dataset contains 5604 800x800 high-resolution images of 16,951 vessels. Its sources
are a combination of Sentinel-1B (C-band) and TerraSAR-X & TanDEM-X (X-band) satellites, with
pixel resolutions of 0.5 m, 1 m, and 3 m, covering a wide range of imaging angles and sea states.
Horizontal frames, instance segmentation masks, and “in-shore/off-shore” scene labels are also
provided, and 400 pure background images are attached for robustness testing.

SSDD [30] is a SAR small target detection dataset. A total of 1160 images are included, containing
2456 vessels, with an average of about 2.1 vessels per image. The labeling form is based on a
horizontal surrounded frame, and the official new version also extends the rotated frame with pixel-
level segmentation, which is convenient for studying small targets, dense targets, and fine
localization. It is mainly derived from radar satellites RadarSat-2, TerraSAR-X, and Sentinel-1; the
polarization modes cover HH/HV/VH/VV with a spatial resolution of 1 m-15 m, and the scenarios
cover a wide range of sea states in the near-shore and far-shore.

The HRSC2016 dataset is a challenging remote sensing benchmark focused on ship detection in
aerial images. It contains high-resolution images with significant variations in scale, orientation, and
aspect ratio. One notable feature of HRSC2016 is that objects are labeled with oriented bounding
boxes, making it an ideal testbed for evaluating the effectiveness of orientation-aware detection
methods.

The VOC 2012 dataset [20] contains 20 object classes. We train on the VOC 2007+2012 trainval
sets and evaluate on the VOC 2012 test set. As VOC annotations are axis-aligned, our model is trained
with vy, v, targets aligned to the horizontal/vertical box sides. We report results using the VOC
metric of mAP at IoU = 0.5 (denoted mAPs,). Precision and recall are reported at IoU 0.5 as well,
computed on the detection results.

4.2. Comparative Experiment

From the results shown in Tables 1 and 2, our proposed model consistently outperforms a broad
set of 17 state-of-the-art detection methods across all benchmark datasets. The superior performance
has been achieved on SAR small target detection datasets HRSID and SSDD. In addition, including
both remote sensing HRSC2016 dataset and natural image benchmarks dataset VOC2012. The
improvements are evident across mAPs,, precision, and recall. These gains can be attributed to the
synergy between three architectural innovations in our design. These include Grouped Deformable
Convolution (GDConv), Local Binary Pattern (LBP) enhancement module, and Vector
Decomposition-based bounding box regression header, respectively.

In the high clutter, low signal-to-noise, and very small scale scenario of SAR small target test
methods, our method is characterized by maintaining high-precision calls on both mainstream
datasets. As shown in Table 1, the mAP50 of our method on the HRSID dataset is 90.9%. The mAP50
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on the SSDD dataset is 87.2%, which exceeds the other 17 mainstream models of SOTA. Although
both the HRSID and SSDD datasets are SAR small target detection datasets, the two sets of scenarios
differ greatly, with the HRSID harbor/nearshore complexity and the SSDD offshore background
monotony. The performance of our method is more stable, with cross-domain fluctuations of less
than 4%. In addition, our method achieves 86.2% precision and 91.7% recall on HRSID. The precision
on SSDD reaches 90.4%, and the recall reaches 90.7%. SAR applications are more afraid of
misreporting ship shadows, and high precision directly reduces the burden of back-end screening.
At the same time, the recall rate can be improved to avoid missed detection, which is also critical in
maritime surveillance, compared with the traditional two-stage (Faster R-CNN 83%) of about 8%.

Table 1. Comparison of 18 detection methods on the HRSID and SSDD test sets. Results are reported as mAP,
precision, and recall at IoU = 0.5.

HRSID SSDD

Method
mAPs Precision Recall mAPs0 Precision Recall
YOLOvV5s 89.5% 83.1% 91.3% 72.9% 58.8% 77.9%
YOLOv6-n 89.9% 85.5% 91.4% 82.0% 87.2% 86.4%
YOLOV7-tiny 83.6% 85.5% 74.6% 83.7% 81.1% 84.9%
YOLOv8n 90.4% 86.0% 91.7% 87.0% 85.0% 84.0%
YOLOX-s 88.9% 82.6% 90.4% 74.0% 66.0% 77.4%
CenterNet 83.8% 66.3% 86.8% 72.6% 61.5% 76.8%
FCOS 82.1% 76.2% 85.1% 69.5% 53.1% 76.0%
SSD300 80.0% 70.5% 84.5% 67.2% 52.3% 75.4%
RetinaNet 82.5% 72.0% 85.0% 71.8% 58.2% 73.6%

Faster R-CNN 80.5% 66.9% 83.4%  69.5% 67.2% 74.2%
Cascade R-CNN  86.0% 74.0% 87.8% 76.4% 70.0% 78.8%
DETR 81.0% 70.0% 80.0%  71.0% 60.2% 78.3%
Deformable DETR  89.1% 84.3% 90.0%  79.8% 84.2% 81.9%
Sparse R-CNN 85.0% 78.0% 86.0%  78.0% 73.0% 79.0%
Dynamic R-CNN  82.0% 72.0% 82.0% 73.9% 70.0% 77.0%
GCNet 81.5% 70.0% 82.0%  75.0% 65.2% 79.0%
Libra R-CNN 82.5% 71.0% 83.0% 75.5% 66.8% 78.3%
DVDNet (Ours)  90.9% 86.2% 91.7% 87.2% 90.4% 90.7%

Our method maintains low drift for scene switching on both mainstream datasets, HRSID and
SSDD. Compared with other mainstream models, it demonstrates the robustness to resolution
differences, shoreline clutter, and imaging strong scattering on the SAR small target detection task.
For traditional two-stage methods such as Faster R-CNN, we replace the traditional Neck with CMA
rotated multiscale attention and SSJC semantic residual alignment to specifically enhance the small
object response. This results in approximately 20% improvement in precision and approximately 10%
improvement in recall. Compared to the YOLOv family of methods, DVDNet is able to achieve mAPs
nearly equal to v6-n at only small/medium levels of parameter counts, approximately equal to
YOLOVv5s, while saving about 40% of FLOPs. This is well suited for shipboard/starboard real-time
inference. In contrast to Transformer/DETR-like methods, we keep the CNN backbone as well as
lightweight rotation attention, suppress background with a local prior, converge at high speed, and
do not rely on tens of thousands of preheating steps.

It can be seen that the optimization is achieved between the combined precision and recall scores,
cross-domain stability, and arithmetic consumption, even though the mAP alone is not maximized.
When faced with tasks such as real-time maritime surveillance, vessel capturing, and satellite-carried
SAR cruises, our approach provides a lower risk of underreporting and the overall advantage of
being deployable on edge hardware.
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Table 2. Comparison of 18 detection methods on the HRSC2016 and Pascal VOC 2012 test sets. Results are
reported as mAP, precision, and recall at IoU = 0.5.

HRSC2016 VOC2012

Method
mAPs Precision Recall mAPs0 Precision Recall
YOLOV5s 78.4% 83.1% 80.6% 66.9% 61.0% 68.8%
YOLOvV6-n 78.1% 82.7% 80.2% 66.3% 60.5% 68.0%
YOLOV7-tiny 78.9% 83.4% 80.9% 67.1% 61.3% 69.1%
YOLOvV8n 79.0% 83.3% 80.4% 67.3% 61.7% 69.5%
YOLOX-s 79.5% 84.1% 81.2% 68.0% 62.3% 60.0%
CenterNet 77 2% 81.2% 78.8%  66.2% 70.2% 68.1%
FCOS 78.3% 82.6% 80.2%  67.5% 61.5% 69.2%
SSD300 74.1% 79.0% 76.3% 64.9% 70.0% 70.7%
RetinaNet 77.8% 82.3% 79.6% 66.7% 60.9% 67.2%

Faster R-CNN 79.2% 84.0% 81.1% 67.8% 61.8% 69.9%
Cascade R-CNN  80.6% 84.5% 82.5%  68.7% 62.5% 60.9%
DETR 78.5% 83.0% 80.3%  68.1% 62.4% 70.4%
Deformable DETR  79.8% 84.2% 81.9% 68.9% 63.0% 70.9%
Sparse R-CNN 79.7% 84.3% 81.6% 68.6% 73.0% 71.0%
Dynamic R-CNN  79.3% 83.7% 81.0%  68.2% 72.6% 70.3%
GCNet 78.7% 82.9% 80.5% 67.0% 60.8% 68.2%
Libra R-CNN 78.8% 83.0% 80.8% 67.2% 61.1% 68.9%
DVDNet (Ours)  80.7% 85.0% 83.0% 75.4% 74.7% 72.7%

On the HRSC2016 dataset, which presents unique challenges in remote sensing due to high-
resolution imagery and densely packed, arbitrarily oriented ship targets, our model achieves the
highest mAPs, of 80.7%, surpassing all other methods, including the strong two-stage baselines such
as Cascade R-CNN (80.6%), Sparse R-CNN (79.7%), and YOLOX-s (79.5%). Our model also achieves
the best precision (85.0%) and recall (83.0%]}), indicating both accurate localization and strong object
coverage. These results confirm the effectiveness of our architecture in capturing fine-grained
textures, geometric variances, and rotation patterns —key traits of SAR target detection.

On Pascal VOC 2012, a dataset characterized by axis-aligned annotations and limited object
categories, our method still shows strong generalization, achieving a mAPs, of 75.4%,
outperforming all competing models by a significant margin. For instance, the next best result comes
from Cascade R-CNN (68.7%) and Sparse R-CNN (68.6%), with our model improving the best
baseline by 6.7%. This demonstrates that the proposed method is not overfitted to rotation-specific
datasets, but rather yields universal improvements through its flexible feature and box modeling.

Figures 6 and 7 show the visualization results on the two main SAR small target detection
datasets. In the offshore dark scene of HRSID, the ships are only tiny specks. The model still gives
more than 0.9 confidence, indicating that the GDConv adaptive sense field + LBP enhancement
effectively improves the signal-to-noise ratio. The frame is aligned with the long axis of the hull in
both the top-down “top-to-end” and oblique “bow-to-right” views, indicating that the vector
decomposition regression head learns the rotation angle sufficiently to reduce the tilt IoU loss. This
indicates that the vector decomposition regression head learns the rotation angle well enough to
reduce the tilt IoU loss. In the visualization of the SSDD port, more than 10 ships are close to each
other, bow to stern. The visualization shows that each ship is identified independently, and the
spacing of the borders minimizes overlap. This validates the improved dense NMS strategy and small
target feature fusion capability. In the strong scattering background or shoreline complex area, no
mis-framing of buoys, shore walls, and wave tips is seen. The confidence distributions of both HRSID
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and SSDD domains are uniform, reflecting the robustness across resolution and pitch angle. This is
enough to prove the core competitiveness of our model in SAR small target detection.

Figure 7. Visualization of detection results of the DVDNet on SSDD dataset visualization.

The HRSC2016 dataset and the VOC2012 dataset closely reflect the real-world challenges in
remote sensing target detection and natural scene target detection. The main ones include extreme
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target aspect ratios and intensive position and orientation variations. The excellent results achieved
by our method on HRSC2016 and VOC2012 validate the architectural decisions made, especially the
combination of GDConv, LBP enhancement, and vector decomposition. The visualization results are
shown in Figures 8 and 9. It can be seen that the visualization results in both high-density, multi-
directional ships in ports and daily multi-category scenarios are obtained with tight contours and
low misdiagnosis, which directly corroborates the complementary advantages of these three modules
for different domain characteristics. Secondly, there are minimal differences in confidence and border
quality in the visualization results on different datasets. This confirms the ability of the model to
migrate between SAR, remote sensing, and natural images. The 20-30 px miniature boat in Figure 8
and the distant basketball frame with bicycle in Figure 9 are all detected in their entirety. This
contrasts with conventional detectors that tend to miss or drift frames at similar sizes, highlighting
the significant improvement of this paper's test methods in the detection of small 10-30 px targets.
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Figure 9. Visualization of detection results of our model on VOC2012 dataset visualization.
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Cross-domain Generalization. The consistent performance on HRSID, SSDD, HRSC2016, and
VOC2012 demonstrates that our model not only excels in the remote sensing domain but also exhibits
strong generalization ability across natural scenes and varied detection challenges. This shows that
the model can accurately catch extremely small vessels (10 — 30 px) in near-shore, high-clutter scenes.
It can also rapidly lock onto sparse targets across wide-area offshore imagery. While many detectors
perform well in specific domains, our method achieves top performance universally, making it a
robust and transferable detection solution. This cross-domain capability is critical for real-world
deployment, where model reliability across diverse environments is essential.

4.3. Ablation Experiment

To better understand the contribution of each proposed component, we conduct comprehensive
ablation experiments on all four benchmark datasets. As shown in Tables 3 and 4, we start from a
plain Faster R-CNN baseline (“Nothing”) and incrementally add FPN, LBP, and GDConv modules.
Each row in the table represents a specific configuration of active modules, allowing us to isolate the
effects of individual and combined components.

Starting from the baseline, the model without any enhancement achieves relatively low
performance. The mAPs, of 62.2% on HRSID and 59.6% on VOC2012. When we introduce FPN alone,
we observe clear improvements across all datasets. For example, on HRSC2016 the mAP rises from
55.2% to 66.6%, confirming that multi-scale feature fusion is essential for capturing object variability
in size.

Incorporating the LBP module alone also brings measurable gains. For instance, the mAP on
VOC2012 increases from 45.2% to 53.1%, and precision rises to 57.0%. This supports our hypothesis
that local binary patterns enhance low-level contour information, improving object boundary
discrimination.

The use of GDConv in isolation produces the most significant gain among single modules. On
SSDD, GDConv boosts mAPs, to 77.3%, with precision and recall also improving substantially. This
demonstrates the effectiveness of spatially adaptive sampling and group-wise specialization for
handling geometric variations in SAR targets.

The combination of LBP and GDConv leads to even more remarkable improvements. For
example, on HRSID, mAPs, increases to 89.5%, which is a 26.9% absolute improvement over the
baseline. Similarly, on SSDD the combined model achieves 85.9% mAP, outperforming all partial
variants.

Finally, the full model (FPN + LBP + GDConv), denoted as Ours, achieves the best performance
across all benchmarks. The 90.9% mAP on HRSID, 87.2% on SSDD, 80.7% on HRSC2016, and 75.4%
on VOC2012. Notably, the precision on HRSID reaches 90.9%, demonstrating that our method not
only detects more targets but does so with fewer false positives.

The ablation study clearly demonstrates the incremental and complementary value of each
proposed module. GDConv contributes most to spatial adaptability, LBP enhances texture sensitivity,
and FPN provides strong multi-scale representations. Together, they form a synergistic and robust
architecture that works well to achieve superior performance on all three types of datasets, SAR,
remote sensing, and natural imagery.

Table 3. Ablation experiment on the HRSID and SSDD test sets. Results are reported as mAP, precision, and
recall at IoU = 0.5.

L FP LB GDCon HRSUD, SSDP,
Combination N P v mAP5  Precisio Recal mAP5 Precisio Recal
0 n 1 0 n 1
None 62.2% 61.4% 64.5% 59.6% 64.3% 63.8%
FPN \ 75.0% 62.1% 65.5% 72.0% 65.1% 64.8%
LBP l 643%  629%  657% 61.7% = 659%  65.0%
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GDConv N 76.6% 73.8%  781%  73.5% 77.4%  77.3%
LBP+€DCOH N N 895%  749%  79.0% 859%  78.6%  78.1%
1.7 7
DVDNet V | ol 90.9%  86.2% 90/ 87.2%  90.4% 93
(o] (4]

Table 4. Ablation experiment on the HRSC2016 and VOC2012 test sets. Results are reported as mAP, precision,
and recall at IoU = 0.5.

. P LB GDCon HRSC.2916 VOC.20.12
Combination N P v mAPs Precisio Recal mAPs Precisio Recal
0 n 1 0 n 1
None 55.2%  60.5%  584% 452%  50.5% = 68.4%
FPN v 66.6%  612%  593% 56.6%  512%  59.3%
LBP v 571%  62.0%  59.5% 531%  57.0%  56.4%
GDConv v 68.0%  72.8%  70.7% 644%  625%  63.4%
LBP+GD
+(3, Con N 795%  739%  715% 674%  739%  71.5%
DVDNet v v \ 80.7%  85.0%  83.0% 75.4% = 74.7% = 72.7%

5. Conclusions

In this paper, we propose DVDNet, a CNN-based unified framework for SAR target detection,
which addresses small targets and arbitrary aspects in SAR images. The framework combines
grouped deformable convolution, LBP texture enhancement module and vector decomposition based
bounding box representation. DVDNet significantly improves the detection performance of standard
architectures by combining the handling of multi-scale variations, arbitrary object orientations, and
background complexity. DVDNet significantly improves detection performance through three major
improvements. Introduction of grouped deformable convolution (GDConv), which allows the
network to adaptively sample features while controlling parameters and computational overhead.
Local Binary Pattern (LBP) is seamlessly embedded into the CNN to enhance the texture
representation, improve the detection rate of small and dense targets, and reduce the texture
background false detection. Adopting bounding box vector decomposition to represent the rotating
box with two vectors pointing from the center to the edge, avoiding angular periodicity and locating
targets in any direction more accurately. Extensive experiments with two mainstream SAR small
target detection datasets, HRSID and SSDD, have demonstrated that each of the DVDNet
components contributes to improved accuracy, providing state-of-the-art results for the ResNet-50
level detector. Notably, DVDNet, by combining fine-grained texture coding and adaptive sensing
fields, shows particular strengths in detecting small objects, an area where many existing detectors
perform poorly, as evidenced by the excellent results on the HRSID dataset and the SSDD dataset.
The generalization performance is also validated on the remote sensing dataset HRSC2016 and the
natural scene dataset VOC2012.
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