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Abstract
Arbitrary-Oriented Object Detection (AOOD) has found broad
applications in embodied intelligence, autonomous driving,
and satellite remote sensing. However, current AOOD frame-
works face challenges in ineffective feature extraction and
orientation regression inaccuracy. Inspired by Hilbert curve’s
intrinsic locality-preserving property, we propose a flexible
Hilbert curve-Encoded Rotation-Equivariant Oriented Object
Detector (HERO-Det). Our innovations include: (i) a novel
Hilbert curve traversal convolution paradigm with a dimension-
ality reduction scheme, which employs locality-preserving spa-
tial filling curves for feature transformation, (ii) a Hilbert pyra-
mid transformer enabling hierarchical construction of multi-
scale feature sequences through space-folding operations, as
well as (iii) an orientation-adaptive prediction head that de-
couples rotation-equivariant regression features from invariant
classification cues to resolve orientation regression dilemmas
in two-stage detectors. Extensive experiments show HERO-
Det achieves state-of-the-art performance on AOOD bench-
marks, with mAP of 79.56%, 90.64%, 90.10%, and 80.47%
on DOTA, HRSC2016, SSDD, and HRSID, respectively. Per-
formance gains in cross-task validation further demonstrate
the versatility of our method to diverse vision tasks, such as
medical image segmentation and 3D object detection.

Code — https://github.com/Qian-CV/HERO-Det

Introduction
The advancement of computer vision has progressively turned
object detection into more specialized frameworks (Lin et al.
2017). Within this landscape, Arbitrary-Oriented Object De-
tection (AOOD) has emerged as a prominent research frontier,
aiming to localize objects with arbitrary orientations in visual
recognition tasks. AOOD has demonstrated wide applicabil-
ity in various domains, including retail product recognition
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Figure 1: Illustration of orientation information flow during
the RoI align process. The features extracted by HRoI Align
(top) preserve object orientation cues, whereas those from
the more precise RRoI Align lose orientation information.

(Chen et al. 2020), remote sensing imagery interpretation
(Yang et al. 2021c; Ming et al. 2021b), autonomous driving
(Sheng et al. 2022), embodied intelligence (Arsalan et al.
2024), and scene text detection (He et al. 2021).

Over the past decade, numerous detectors have been de-
veloped through carefully designed pipelines involving label
assignment (Hou et al. 2022), angular representation (Yang
and Yan 2022), feature extraction (Ming et al. 2021a), and
loss optimization (Yang et al. 2021c), achieving state-of-the-
art results on benchmarks. These approaches are generally
categorized into one-stage and two-stage paradigms. While
one-stage detectors exhibit computational efficiency advan-
tages (Yang et al. 2021a), two-stage architectures have shown
superior performance in complex scenarios such as occlu-
sions, low-resolution images, or extreme precision require-
ments (Xie et al. 2021; Ding et al. 2019). This study adopts
two-stage detectors as the primary focus.

Despite the promising potential of two-stage detectors,
their performance remains constrained by basic limitations
in orientation prediction and feature representation. (i) Ori-
entation Prediction Bottleneck: Current two-stage AOOD
frameworks typically employ rotated region proposals (RRoI)
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via rotated RoI Align to extract local features (illustrated at
bottom of Fig. 1), which are then simultaneously utilized
for both classification and regression. However, the archi-
tecture inevitably discards critical orientation information
after the RRoI cropping step, significantly amplifying the
orientation error of predictions. (ii) Feature Representation
Deficiencies: Beyond the aforementioned RRoI feature inac-
curacies, two further limitations persist in current approaches:
Firstly, standard convolutional kernels perform axis-aligned
sliding-window operations that fail to maintain spatial coher-
ence and cannot effectively leverage contextual dependencies.
Secondly, in the second stage, directly flattening RRoI fea-
tures into 1D sequences would disrupt intra-object spatial
coherence, thereby degrading the regression precision.

In this study, we propose a Hilbert curve-Encoded
Rotation-Equivariant Oriented Object Detector (HERO-Det)
to address the above issues. The framework integrates Hilbert
Curve Traversal Convolution (HCTConv) to model con-
textual relationships, and builds a Hilbert Pyramid Trans-
former (HPFormer) to aggregate multi-scale features via
cross-attention. A Hilbert curve unfolding operation is then
applied to reduce dimensionality while preserving the local
structure of RoI features. For accurate orientation prediction,
we design an Orientation-Adaptive Prediction Head (OAPH)
with two mechanisms: 1) a residual oriented response net-
work is applied to enforce rotation-equivariant feature learn-
ing for regression, and 2) a Hilbert sequence circular shifting
operator that improves classification robustness with rotation-
invariant features. The main contributions are as follows:

• We propose HERO-Det, a novel detection framework that
exploits the locality-preserving property of the Hilbert
curve, integrating a HCTConv operator, a HPformer,
and a HC unfolding mechanism to achieve unified high-
precision oriented object detection.

• We reveal a commonly overlooked limitation in two-stage
detectors—orientation feature degradation in regression
branch—and address it with a novel Orientation-Adaptive
Prediction Head. This head disentangles directional rep-
resentations, employing rotation-equivariant features for
localization and rotation-invariant ones for classification.

• HERO-Det achieves state-of-the-art results on multiple
AOOD benchmarks and shows performance gains across
tasks such as image segmentation, 3D object detection.

Related Work
Arbitrary-oriented object detection. AOOD aims to lo-
calize objects with arbitrary rotations, which is essential in
tasks like aerial imagery (Yang et al. 2021c), scene text detec-
tion (Sheng, Chen, and Lian 2021), and autonomous driving
(Ming et al. 2023). Existing methods follow either one-stage
or two-stage detection paradigms. One-stage detectors di-
rectly regress object class and OBB parameters on dense
feature maps, achieving fast inference, such as RDD (Liao
et al. 2018), DAL (Ming et al. 2021b), and SASM (Hou et al.
2022). Two-stage models first generate rotated proposals,
then employ rotated RoI align (Ding et al. 2019) to extract
regional features for subsequent classification and regression,
achieving higher accuracy in complex scenes (Wang et al.

2023; Xie et al. 2021; Wang et al. 2025). For example, RoI
Transformer introduces rotated RoI Align to achieve precise
feature alignment with rotated proposals (Ding et al. 2019).
This technique has since become a standard module in two-
stage oriented object detectors. Building on this, ORCNN
(Xie et al. 2021) performs eight-parameter OBB regression
directly on the aligned RRoI features to enable flexible rep-
resentation of oriented objects. Recent advances improve
AOOD pipelines through better label assignment (Hou et al.
2022; Ming et al. 2021b), rotation-aware features (Lee et al.
2024), and tailored loss functions (Yang et al. 2021c; Ming
et al. 2024) that address angle periodicity and representation
ambiguity. Despite these gains, achieving both high accuracy
and efficiency in AOOD remains an ongoing challenge.

Rotation sensitive networks. Accurate orientation pre-
diction is crucial for AOOD task, as it directly affects the
detection performance of rotated objects. Researchers have
developed rotation-equivariant architectures that embed an-
gular priors into the network structure (Han et al. 2021a;
Zhou et al. 2017; Liao et al. 2018; Han et al. 2021b; Lee et al.
2024). S2ANet (Han et al. 2021a) employs Active Rotating
Filters (Zhou et al. 2017) to construct rotation sensitive fea-
tures for regression. On this basis, RDD (Liao et al. 2018)
further builds rotation-invariant features to enhance object
classification. ReDet (Han et al. 2021b) and FRED (Lee et al.
2024) use group convolutions to extract rotation-equivariant
features for object detection. Despite their success, the inte-
gration of such rotation-aware designs into object detection
has been comparatively limited, especially in two stage detec-
tors. Current approaches overlook the fact that RRoI features
in the heads of two-stage detectors inherently lack orienta-
tion information, thereby limiting their ability to perform
rotation-sensitive regression.

Space-filling curve. The space-filling curves (SFCs) are
mappings from a one-dimensional domain onto a higher-
dimensional space, such that the entire multi-dimensional
region is densely covered. The most widely used SFCs are
the Hilbert curve (Hilbert 1891) and Z-order curve (Morton
1966). The Hilbert curve is especially valued for its superior
locality-preserving properties, meaning that points close to-
gether in space are likely to remain close after linearization
(He and Owen 2016). SFCs have wide-ranging applications
across multiple domains. Some researchers use Hilbert curve
to process point cloud data to reduce GPU occupation (Chen
et al. 2022). Wang et al. (Wang, Xu, and Song 2021) achieve
high-performance tumor lesion segmentation by leveraging
the spatial correspondence mapping of the Hilbert curve.
Hilbert curve projection distance (Li et al. 2024) has been
proposed measure the distance between distributions.

Preliminaries
We first introduce the relevant concepts of space-filling
curves. The Hilbert space-filling curve provides a contin-
uous mapping H : [0, 1] → [0, 1]d from the one-dimensional
unit interval to d-dimensional unit hypercube. Following es-
tablished conventions (Sagan 1994), we formally define the
Hilbert curve as the limit of a sequence of mappings:

Definition: For a given dimensionality d ≥ 1 and a pos-
itive integer k, we partition the unit interval I = [0, 1] into
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Figure 2: Overall framework of HERO-Det.

2kd sub-intervals with length 2−kd and denote the set of
intervals as Id

k . Simultaneously, divide the d-dimensional
unit hypercube C = [0, 1]d into 2kd congruent sub-cubes
with length 2−k and denote the set of suncubes as Gd

k . Then
Hilbert curve H is defined as the limit of the sequence of
mappings Hk : Id

k → Gd
k as k → ∞, satisfying the following

properties: (i) Surjectivity: For every sub-cube Cd
k,v ∈ Gd

k ,
there exists a corresponding sub-interval Idk,u ∈ Id

k such
that Hk(I

d
k,u) = Cd

k,v, where u ∈ {0, 1, . . . , 2kd − 1}, and
v ∈ {0, 1, . . . , 2k − 1}d. (ii) Adjacency: Sub-intervals Idk,u
and Idk,u′ that are adjacent in the one-dimensional ordering
are mapped by Hk to sub-cubes Cd

k,v and Cd
k,v′ that share a

(d− 1)-dimensional face. (iii) Nesting: The division of sub-
intervals at the (k − 1)-th order corresponds to subdivision
of the corresponding sub-cubes at the k-th order.

Theorem 1 (Hölder Continuity). The Hilbert curve ex-
hibits a Hölder continuity property, which guarantees that:
For any two points x, y ∈ [0, 1], and their mapped
points H(x),H(y) ∈ [0, 1]d, there exist integer d > 1 such
that:

∥H(x)−H(y)∥ ≤ 2
√
d+ 3|x− y|1/d (1)

where H : [0, 1] → [0, 1]d is the Hilbert curve mapping.

The continuity demonstrated by Theorem 1 ensures that
the Hilbert curve mapping preserves local relationships: el-
ements that are close with respect to the one-dimensional
Hilbert ordering are mapped to points that are spatially proxi-
mate in the higher-dimensional space. And also, the spatial
proximity works in reverse Hilbert curve mapping (Wang and
Shan 2005; Bader 2012). This characteristic spatial coher-
ence renders the Hilbert curve advantageous for applications
where maintaining spatial adjacency is a key requirement

(Chen and Chang 2011).

Methodology
Overall Architecture
Overall architecture of HERO-Det is shown in Fig. 2. Given
an input image, we first extracted features via a backbone
network, and then HCTConv is applied to obtain locality-
preserving features. Next, a cross-scale attention mechanism
is used to align features across layers, constructing the HP-
former for subsequent predictions. With the coarse proposals
from the 1st stage, contextual RoIs are fed into OAPH to
achieve rotation-aware prediction.

Hilbert Curve Traversal Convolution
Most object detection framework use axis-aligned convolu-
tion kernels shown in Fig. 3a to slide over feature map in a
regular grid pattern (Redmon et al. 2016). However, these
kernels are limited under strict rectangular receptive fields
and are inherently constrained in modeling rotation variance
and long-range spatial dependencies for AOOD task.

To solve the issues, we propose a Hilbert Curve Traver-
sal Convolution (HCTConv) operator. HCTConv handles
high-dimensional spatial features via 1D Hilbert curve path
to preserve spatial locality. Given the input feature X ∈
RH×W×Cin , we define a k-order Hilbert mapping Hk(·):

Hk : {0, 1, . . . , N − 1} → Z2, N = H ·W,

Hk(i) = (xi, yi), where (xi, yi) ∈ {0, 1, . . . , N − 1}2.
(2)

This function defines a bijective mapping from 1D index i
to 2D coordinates (xi, yi) on the grid. Although Hk(·) is a
surjection, the discrete Hilbert curve is a bijection, making
it suitable for image processing. As shown in Fig. 3b, on a

8073



(a) Standard Conv. (b) Our HCTConv.

Figure 3: Illustration of convolution principles.

gridded image data, Hilbert curve traverses all positions in a
locality-preserving manner such that spatially adjacent pixels
in feature map are projected to adjacent positions in Hilbert
sequence with minimal distortion in locality.

Given the mapping Hk(·), for t ∈ {0, . . . , N−1}, the
HCTConv is defined as:

Y(t, cout) =
∑

s∈N (t)

Cin∑
c=1

W(s− t, cin, cout) ·X(Hk(s), c),

(3)
where N (t) denotes the local receptive neighborhood around
t in the Hilbert curve domain (e.g., a 1D window of kernel
size K), W ∈ RK×Cin×Cout is the convolutional kernel
defined over the Hilbert traversal offsets. Note that the input
feature dimensions do not always exactly match the size
of the k-order Hilbert curve, i.e. H,W ̸= 22k. In practice,
we apply zero-padding to the spatial dimensions such that
H ′,W ′ = min{22m ≥ H, 22n ≥ W}. After HCTConv
on the padded features, the output is cropped back to the
original resolution to eliminate padding effects. An intuitive
visualization is shown in Fig. 2.

Compared with standard convolutions with fixed rectan-
gular receptive field, HCTConv inherently preserves spatial
correspondence and enables robust feature encoding. The
locality-preserving property of the Hilbert curve mapping
guarantees that nearby indices in the 1D domain correspond
to spatially adjacent regions in 2D features as explained in
Theorem 1. In this case, the model is able to capture fine-
grained geometric patterns without disrupting local consis-
tency, which is particularly important for AOOD since rota-
tional and contextual sensitivity are crucial. To the best of
our knowledge, this is the first work to introduce the Hilbert
curve for constructing convolutional operations.

Hilbert Pyramid Transformer
With HCTConv, we extract multi-scale feature sequences
and further construct the Hilbert Pyramid Transformer (HP-
Former) to effectively detect multi-scale oriented objects.
Given feature map Pi, HCTConv transforms it into a lo-
cally consistent feature Li = HCTConv(Pi). For each input
sequence Li, a learnable positional encoding is applied to
introduce a position bias for each token. At each layer, a
learnable sequence token, serving as the query (Q) in the
attention computation, is appended to the feature sequence
to capture global information. For every adjacent feature se-
quence pair (Li , Lj), the first step is to project the sequence

token from Li to Lj to learn contextual knowledge, form-
ing a new sequence Lj+1, which then serves as the key (K)
and value (V ) in the attention computation with the Q from
the lower-level sequence. The attention-enhanced sequence
token L̃i ∈ RC×1 is computed as:

L̃i = softmax


(
L̃iWQ

)
(Lj+1WK)

⊤

√
d

 · (Lj+1WV ),

(4)
where WQ,WK ,WV ∈ RC×d are learned projection ma-
trices, d is the embedding dimension. After obtaining the
attention-enhanced sequence token, it is reprojected to the
Li layer and used to update the sequence token. Finally,
HPFormer performs feature fusion from lower to higher se-
quences to generate progressively refined feature representa-
tions across all scales.

The HPFormer effectively combines Hilbert-based feature
encodings with cross-scale semantic fusion through cross-
attention mechanism. It leverages the local continuity fea-
tures obtaion via HCTConv and the adaptive weighting of
attention to build cross-scale feature pyramid. The output
sequence L̃i+1 captures both detailed local structures and
rich contextual semantics, enhanced by Hilbert spatial local-
ity and attention flexibility. HPFormer ensures high-quality
sequence fusion that is particularly advantageous to detect
small or oriented objects under complex scenes.

Orientation-Adaptive Prediction Head
Residual Oriented Response Network. Existing two-stage
AOOD frameworks often extract RRoI features through
spatial transform operation (Ding et al. 2019; Xie et al.
2021; Han et al. 2021b). The RRoI feature transformation
inevitably erases orientation cues by normalizing orienta-
tions, rendering features not suitable for orientation regres-
sion. We suggest that regression features should not only
preserve semantic patches of the object but also encode
surrounding context that implicitly supports orientation un-
derstanding for deep models. Given the oriented proposal
BRRoI(cx, cy, w, h, θ), we define a Contextual-aware RoI
(CRoI) as BCRoI(cx, cy, αw

′, αh′), where α is a scaling
coefficient and α > 1, w′ and h′ denote the shape of the
horizontal minimum box of BRRoI. CRoI features includes
background and neighboring structures which acts as spa-
tial references for orientation prediction. Then CRoI features
XCRoI serve as the input for orientation-aware regression.

Y(k) = Conv
(
Rθk(K) ∗ X̃(k−1)

)
, k = 1, . . . , N − 1,

X̃(k) = X̃(k−1) +Y(k),

X̃(0) = XCRoI, X̃RE = X̃(N−1).
(5)

To accurately capture rotation-equivariant semantic cues,
we apply Active Rotating Filters (Zhou et al. 2017) to build a
Residual Oriented Response Network (RORN). We define a
set of rotation angles {θ1, θ2, . . . , θN−1}, with θk = k ·∆θ,
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where ∆θ = 2π
N . For each angle θk, we rotate a shared con-

volution kernel K to extract orientation-specific features, and
then aggregate them with the features from the previous stage
as shown in Eq. (5). Rθk(·) applies kernel rotation, X̃(k)

represents the fused feature at stage k, X̃RE is the rotational
equivariant feature. This structure guarantees that each orien-
tation response is modeled with full channel capacity, and all
orientation cues are aggregated through dense residual paths
(Huang et al. 2017).

Existing methods often use a single ARF layer with limited
channel capacity per orientation (e.g., RH×W× C

N ×N ) (Han
et al. 2021a; Zhou et al. 2017; Liao et al. 2018). In contrast,
our approach employs dense residual routes to progressively
integrate orientation cues, enhancing angular continuity and
enabling more precise orientation modeling. This design en-
sures robust rotation equivariance while preserving critical
semantic structures. Moreover, the residual fusion scheme
also improves gradient propagation and facilitates faster con-
vergence during training, making the method both effective
and optimization-friendly.

Hilbert Curve Unfolding. With the regional grid RoI fea-
tures after RoI alignment (Ding et al. 2019), we proceed
to unfold each feature map into a 1D sequence for the sub-
sequent classification and regression. We then propose the
Hilbert Curve Unfolding (HC Unfolding), which employs a
space-filling Hilbert curve to reorder the features while pre-
serving their topological proximity. The unfolded sequence
is Xh(t) = X̃(Hk(t)) ∈ RC , where X̃ denotes the input
RoI features. Compared to the most commonly used raster
scanning (Zhang et al. 2015) for feature flattening, HC Un-
folding ensures that for adjacent indice i, j ∈ N (t) (spatial
neighborhood of position t given in Eq. (3)), the distance
between their mapped coordinates in the 2D domain satisfies:
∥Hk(i)−Hk(j)∥22<DRS(i, j), where DRS(i, j) denotes the
spatial distance under raster scanning. This local Hölder con-
tinuity in Theorem 1 implies that adjacent elements in the
Hilbert sequence are also adjacent in 2D space, allowing
any subsequent linear or attention-based operator to retain a
strong spatial prior. As such, convolutional or attention mod-
ules applied to Hilbert sequence effectively model localized
spatial interactions while enabling sequential processing.

Hilbert Circular Shifting. To further enhance the robust-
ness of classification features, we design a latent-space fea-
ture augmentation strategy based on the structural properties
of the Hilbert curve, which is called Hilbert Circular Shift-
ing (HCS). First, we exploit the circular-shifting property
of first-order Hilbert curve traversal: rotating a 2D RoI fea-
ture map by n · 90◦ clockwise is equivalent to a left n-offset
circular shift of its flattened sequence obtained by HC Un-
folding (shown in Fig. 2). The circular shifting property is
elegant, but things become more complex for higher orders.
Therefore, we use the first-order Hibert curve for HCS. Given
the input RoI feature map XRoI ∈ RH×W×Cin , its HC un-
folding sequence is Xh. Then a feature rotation by n · 90◦
approximates shifting-equivalence is expressed as:

R
(
XRoI

)(
Hk(i)

)
≈ Xh

(
(i+ nN

4 ) mod N
)
, n ∈ N,

(6)
where R is rotation operation, N denotes the length of Xh.

The rotation augmentation could then be performed in the
latent feature space presented by Hilbert curve, constructing
the rotation-invariant classification features as follows:

X
(n)
h (i) = Xh

(
( i+ n N

4 ) mod N
)
, n = 0, 1, 2, 3,

X̃RI(i) =
3∑

n=0

X
(n)
h (i), i = 0, . . . , N − 1.

(7)

Eq. (7) yields a feature representation X̃RI that is invari-
ant to rotations of the objects. With the rotation invariant
feature sequences, the classifier would recognize identical
inputs regardless of rotation, which helps to achieve higher
classification accuracy and improves generalization to unseen
orientations. HCS strategy offers an efficient latent-space aug-
mentation mechanism far cheaper than direct 2D rotations.
From a computational standpoint, the HCS strategy avoids
per-pixel coordinate transforms or memory fetches across
two dimensions like feature map rotation, and therefore yields
significantly faster practical speed.

Different Variants Metric

HCTConv HPFormer RORN HCS mAP(%)

67.5
✓ 69.1
✓ ✓ 70.2

✓ 68.6
✓ ✓ 69.2

✓ ✓ ✓ ✓ 70.7

Table 1: Evaluation of components in HERO-Det.

Methods Scanning path Kernel mAP(%)
Baseline Raster Scan (Zhang et al. 2015) 3×3 67.5

Naive
Unfolding

Raster Scan (Zhang et al. 2015) 1×9 67.2
Continuous Scan (Yang et al. 2024) 1×9 67.6

SFC
Unfolding

Z-order curve (Morton 1966) 1×9 68.0
Peano curve (Peano and Peano 1990) 1×9 64.0

Hilbert curve (Hilbert 1891)
1×7 68.8
1×9 69.1

Table 2: Ablation on HCTConv settings.

ORN RORN HC Unfolding mAP(%)

✓ 67.1
✓ ✓ 68.1

✓ 67.5
✓ ✓ 68.6

Table 3: Analysis of components in OAPH.

Experiments and Analysis
Datasets and Implementation Details
Datasets. We evaluate our method on AOOD benchmarks,
including DOTA (Xia et al. 2018), HRSC2016 (Liu et al.
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Flatten Reconstruct mAP(%)

—— 67.5
Raster Scan Raster Scan 67.2

Hilbert curve Raster Scan 68.7
Hilbert curve Hilbert curve 69.1

Table 4: Settings in HC Unfolding.

shifting 0 1 2 3

BR 43.1 43.4 43.4 44.3
SV 66.1 67.4 67.3 67.5

Table 5: Effect of shifting in HCS.

2017), SSDD (Li, Qu, and Shao 2017), HRSID (Wei et al.
2020). DOTA-v1.0 (Xia et al. 2018) is the most commonly
used dataset for AOOD in remote sensing images. It includes
2806 large aerial images annotated with 188,282 instances
across 15 object categories. It is divided into 1/2 for train-
ing, 1/6 for validation, and 1/3 for testing. HRSC2016 (Liu
et al. 2017) includes 1061 high-resolution images for ship
detection, divided into 436 training, 181 validation, and 444
testing samples. SSDD (Li, Qu, and Shao 2017) provides
1160 SAR images with over 2400 annotated ships, designed
for SAR ship detection. HRSID (Wei et al. 2020) contains
560 SAR images with 16,000 rotated ship annotations for
detecting small objects in complex scenes.

Implementation Details. Experiments are conducted with
4 NVIDIA RTX 4090 GPUs using PyTorch. We train the
models with 16 images per minibatch using SGD (initial
learning rate 0.02, momentum 0.9, weight decay 0.0001) and
a 500-iteration warm-up setting. RoI scaling factor α is set
to 1.2. On DOTA dataaset, we train for 12 epochs for abla-
tions and 18 epochs for main results. Models on HRSC2016,
SSDD, and HRSID are trained for 72 epochs. We conduct
evaluation on the DOTA val set for ablations and on the
test set for final results. Data augmentation includes random
flipping, rotation, and multi-scale training and testing; only
flipping is used in ablations.

Ablation Studies
Component-wise Ablations. To evaluate the HERO-Det
framework, we conduct ablation studies on each component
of the detector on the DOTA dataset. The experimental results
are summarized in Tab. 1. First, we apply the HCTConv op-
erator to multi-scale features yields locality-preserving repre-
sentations, leading to a 1.6% improvement over the baseline.
Incorporating cross-scale attention to build HPFormer further
enhances local feature representation, boosting performance
by an additional 1.1%. We then evaluate units of the OAPH.
Specifically, the RORN effectively captures orientation-aware
features to achieve rotation-equivariant regression, improving
mAP by 1.1%. On this basis, the HCS strategy introduces
rotation-invariant features for classification, yielding a fur-
ther gain of 0.6%. Integrating all components into HERO-Det
achieves an overall mAP of 70.7%, demonstrating their com-
patibility and effectiveness.

Analysis of HCTConv Operator. We conduct ablations
about mechanism of HCTConv and present detailed experi-
mental results in Tab. 2. The baseline model adopts a standard
3×3 convolution and applies the raster scanning (Zhang et al.
2015) over input features. Similarly, we flatten the feature
into a sequence and apply convolution guided by a raster
scanning, but observe negligible performance improvement.
The result suggests that the spatial scanning path plays a cru-
cial role, as it determines how local features are aggregated.
Therefore, we explore various scanning strategies in Tab. 2.
For a fair comparison, most convolution designs share the
same receptive field. First, we adopt the Continuous Scan-
ning (Yang et al. 2024), which connects features across rows
to enhance contextual association. Continuous Scanning im-
proves mAP by 0.4%, which supports our hypothesis. Then,
we try the space-filling curves for convolution. Compared to
Z-order curve (Morton 1966) and Peano curve (Peano and
Peano 1990), the Hilbert curve (Hilbert 1891) exhibits supe-
rior locality-preserving properties, effectively capturing local
feature dependencies during the convolution process. As a
result, it achieves the best mAP of 69.1%.

Evaluation of OAPH Module. As a core component of
HERO-Det, we conduct ablation studies on the functional
Unit of OAPH, with results shown in Tab. 3. Compared to
the niave ORN framework build on ARF (Zhou et al. 2017),
RORN introduces dense residual connections and continu-
ous angular transformations, yielding a performance gain
of 0.4 points. Furthermore, instead of directly flattening the
rotation-equivariant features, HC Unfolding preserves local
feature correlations. It provides more effective semantic cues
for subsequent fully connected layers, leading to a 1.1% im-
provement based on RORN. Since HPFormer also involves
Hilbert curve-based unfolding and reconstruction, we ana-
lyze their effect on performance. As shown in Tab. 4, using
HCTConv with Hilbert curve reconstruction achieves the
best mAP of 69.1%, which is higher than Raster Scanning by
1.9%. Even with mismatched input-output mappings (Hilbert
in, Raster out), performance still improves by 1.5%, indi-
cating that Hilbert curve’s local continuity helps preserve
semantic structure through transformation.

Effect of HCS Strategy. The HCS strategy introduces a
hyperparameter n to control the number of rotation angles
using feature shifting. We analyze its impact in Tab. 5. In
general, objects with large aspect ratios are more sensitive
to orientation changes. Therefore, we report performance on
narrow objects such as bridges (BR) and small vehicles (SV).
Clearly, as n increases, rotation-invariant features can better
capture similar patterns across varying orientations, leading
to more robust classification. When n = 3, mAP improves by
1.2% and 1.4% on bridges and small vehicles, respectively.

Comparision with Other State-of-the-art Models
The DOTA dataset (Xia et al. 2018) is currently the most
widely used large-scale benchmark for AOOD in remote
sensing imagery. We report the performance of our method
on DOTA dataset and compare it with existing advanced
approaches, as shown in Tab. 6. HERO-Det achieves state-
of-the-art mAP of 79.56%, outperforming many existing
advanced methods and demonstrating its superiority. Visual-
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Methods PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP(%)
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GCL (Ming et al. 2024) 89.65 85.13 43.25 77.41 81.25 77.93 86.69 90.90 86.93 84.49 64.13 65.77 68.14 78.51 61.31 76.10

R3Det (Yang et al. 2021b) 89.80 83.77 48.11 66.77 78.76 83.27 87.84 90.82 85.38 85.51 65.67 62.68 67.53 78.56 72.62 76.47
DAL (Ming et al. 2021b) 89.69 83.11 55.03 71.00 78.30 81.90 88.46 90.89 84.97 87.46 64.41 65.65 76.86 72.09 64.35 76.95
DCL (Yang et al. 2021a) 89.26 83.60 53.54 72.76 79.04 82.56 87.31 90.67 86.59 86.98 67.49 66.88 73.29 70.56 69.99 77.37
GWD (Yang et al. 2021c) 89.06 84.32 55.33 77.53 76.95 70.28 83.95 89.75 84.51 86.06 73.47 67.77 72.60 75.76 74.17 77.43

O-Rep. (Li et al. 2022) 89.11 82.32 56.71 74.95 80.70 83.73 87.67 90.81 87.11 85.85 63.60 68.60 75.95 73.54 63.76 77.63
KLD (Yang et al. 2021d) 88.91 85.23 53.64 81.23 78.20 76.99 84.58 89.50 86.84 86.38 71.69 68.06 75.95 72.23 75.42 78.32

S2A-Net (Han et al. 2021a) 89.28 84.11 56.95 79.21 80.18 82.93 89.21 90.86 84.66 87.61 71.66 68.23 78.58 78.20 65.55 79.15
SASM (Hou et al. 2022) 89.54 85.94 57.73 78.41 79.78 84.19 89.25 90.87 85.80 87.27 63.82 67.81 78.67 79.35 69.37 79.17

Tw
o
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ag
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rs

RoI-Trans. (Ding et al. 2019) 88.64 78.52 43.44 75.92 68.81 73.68 83.59 90.74 77.27 81.46 58.39 53.54 62.83 58.93 47.67 69.56
SCRDet (Yang et al. 2019) 89.98 80.65 52.09 68.36 68.36 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21 72.61

FRED (Lee et al. 2024) 89.37 82.12 50.84 73.89 77.58 77.38 87.51 90.82 86.30 84.25 62.54 65.10 72.65 69.55 63.41 75.56
CSL (Yang and Yan 2020) 90.25 85.53 54.64 75.31 70.44 73.51 77.62 90.84 86.15 86.69 69.60 68.04 73.83 71.10 68.93 76.17
RSDet (Qian et al. 2021) 89.93 84.45 53.77 74.35 71.52 78.31 78.12 91.14 87.35 86.93 65.64 65.17 75.35 79.74 63.31 76.34
COBB (Xiao et al. 2024) 89.52 84.98 54.99 72.16 77.71 82.81 88.10 90.81 85.45 85.62 63.89 66.15 76.64 70.13 59.05 76.53

SCRDet++ (Yang et al. 2022) 90.05 84.39 55.44 73.99 77.54 71.11 86.05 90.67 87.32 87.08 69.62 68.90 73.74 71.29 65.08 76.81
AProNet (Zheng et al. 2021) 88.77 84.95 55.27 78.40 76.65 78.54 88.45 90.83 86.56 87.01 65.62 70.29 75.43 78.17 67.28 78.16

HERO-Det 85.71 82.41 60.05 75.46 80.88 85.51 88.62 90.56 84.02 85.26 69.30 74.85 78.53 79.33 73.00 79.56

Table 6: Comparision with state-of-the-arts on the DOTA-v1.0 dataset.

Figure 4: Visualization of detections on DOTA dataset.

Task 3D Object detection Image Segmentation

Model
GCIoU

(Ming et al. 2023)
U-Net

(Zhang, Liu, and Wang 2018)

Dataset
KITTI

(Geiger et al. 2013)
Pancreatic Tumor

(Ming and Xiao 2024)

Metric Moderate AP (%) Dice (%)

Baseline 78.5 67.6

+ HCTConv 78.9(↑0.4) 68.7(↑1.1)

Table 7: Experiments on other vision tasks.

ization results on DOTA are shown in Fig .4. Meanwhile,
HERO-Det achieves the mAP of 90.64% on HRSC2016
dataset (Liu et al. 2017), proving its advantage in detecting
objects with large aspect ratios. Additionally, it obtains mAP
of 90.10% and 80.47% on the SAR image datasets SSDD (Li,
Qu, and Shao 2017) and HRSID (Wei et al. 2020), respec-
tively, achieving state-of-the-art performance and showing
its robustness across diverse AOOD scenarios.

Extensions to Other Vision Tasks
The locality-preserving property of the Hilbert curve could
extends well to other vision tasks, as shown in Tab. 7. By
replacing standard convolutions with HCTConv and recon-
structing features via Hilbert mapping, we achieve minimal
model changes to improve the performance. On 3D object de-
tection benchmark KITTI dataset (Geiger et al. 2013), HCT-
Conv improves the baseline moderate AP by 0.4%, and on
medical image segmentation task, it yields a 1.1% Dice gain
on the pancreatic tumor dataset (Ming and Xiao 2024). These
results demonstrate the broad applicability of the proposed
method across vision tasks.

Conclusion
In this paper, we present HERO-Det, a novel two-stage ori-
ented object detector for AOOD task. By leveraging the
locality-preserving properties of the Hilbert curve, we design
a HCTConv operator and then build a HPformer to improve
feature representation with minimal spatial disruption. Fur-
thermore, the OAPH decouples rotation-equivariant and in-
variant cues, effectively addressing the orientation regression
bottleneck in two-stage frameworks. Extensive experiments
on multiple AOOD benchmarks and vision tasks demonstrate
the superior accuracy and generalizability of our mehtod.

Broader impacts. This study systematically explores
Hilbert curve-based locality preservation for AOOD and
demonstrates its broad applicability. The approach could
generalize well to vision tasks like image segmentation, clas-
sification, and 3D vision. It can also be be flexibly extended to
architectures involve image serialization such as ViT (Doso-
vitskiy et al. 2020), vision Mamba (Liu et al. 2024), and Swin
Transformer (Liu et al. 2021) for further optimization.

Limitations. Several properties of the Hilbert curve remain
underexplored. HCS strategy only considers feature shifting
under fixed angles, while modeling equivariant shifts under
arbitrary rotations would be more complex in this case.
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