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Highlights

What are the main findings?
• RedhDet improves oriented remote sensing object detection by combining implicit

rotation-equivariant learning with task-specific head decoupling, yielding consistent
gains in detection and localization accuracy.

• LSIEN stabilizes equivariant feature propagation while preserving spatial details,
whereas the fully connected head and convolutional head better serve classification and
oriented bounding box regression, respectively.

What are the implications of the main findings?
• Rotation robustness can be effectively enhanced at the backbone level through im-

plicit equivariant learning without restrictive equivariant kernels or specialized pre-
trained weights.

• Separating classification and localization according to their distinct feature requirements
provides an effective design for detecting dense, elongated, and arbitrarily oriented objects.

Abstract

Oriented remote sensing object detection (ORSOD) remains challenging because objects
usually appear at arbitrary rotations, with large aspect-ratio variations and dense spatial
layouts. Although recent detectors have achieved notable progress, most still rely on
standard convolutional backbones, whose limited inherent rotation equivariance weakens
robustness to rotated targets and reduces localization reliability. To address these issues,
this paper proposes RedhDet, an ORSOD framework based on rotation-equivariant feature
learning and dual-head decoupling. Specifically, a Ladder-Structured Implicitly Equivariant
Network (LSIEN) is developed as the backbone to extract rotation-equivariant features in
a soft manner, without relying on strictly constrained kernels or equivariant pre-trained
weights. In addition, a decoupled dual-head architecture is introduced, in which a fully
connected branch is used for classification and a convolutional branch is used for bounding
box regression, thereby better matching the distinct requirements of semantic recognition
and precise localization. Experimental results on the DOTA-1.0 and HRSC2016 datasets
demonstrate the effectiveness of the proposed method. On the DOTA-1.0 test set, RedhDet
improves mAP50 by 2.09% and mAP75 by 14.84% over the baseline. On HRSC2016, gains
of 14.12% and 51.85% are achieved for mAP50 and mAP75, respectively. With multi-scale
training and testing, the proposed method achieves 80.40% mAP on DOTA-1.0, indicating
its effectiveness and competitiveness for ORSOD.
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1. Introduction
Object detection in remote sensing imagery has emerged as a critical research direction

in computer vision, owing to its significant value in both military and civilian applica-
tions [1]. Compared with natural-scene images, remote sensing images typically exhibit
larger scale variation, denser object layouts, and more arbitrary object orientations. In such
scenarios, horizontal bounding boxes (HBBs) often introduce substantial redundant back-
ground and fail to describe the true geometry of elongated or rotated instances. By contrast,
oriented bounding boxes (OBBs) provide a more faithful representation of object shape,
direction, and spatial extent [2–4]. The release of large-scale benchmarks (e.g., DOTA [5],
DIOR-R [6]) has further accelerated the transition from HBB-based detection to OBB-based
detection, making oriented remote sensing object detection (ORSOD) one of the central
topics in modern remote sensing interpretation.

Driven by the rapid development of deep learning, ORSOD has achieved remarkable
progress in recent years. A dominant line of research extends horizontal object detectors
by redesigning bounding-box parameterization [7], sample assignment [8], feature align-
ment [3,9,10], or loss functions [11]. More recently, transformer-based frameworks such as
AO2-DETR [4] have further simplified the detection pipeline by introducing set prediction
for arbitrary-oriented objects. Despite these advances, most existing methods are still
constructed by adapting horizontal detection frameworks to the oriented setting, rather
than explicitly endowing the feature extractor with a principled rotation equivariance.

An ideal ORSOD model should preserve geometric consistency under image rotation,
such that the predicted boxes rotate accordingly while maintaining stable semantic recognition.
However, this property is difficult to achieve with standard convolutional neural networks
(CNNs), which are translation-equivariant but not naturally rotation-equivariant. Therefore,
most existing methods rely on rotation augmentation, angle-sensitive heads, or feature align-
ment strategies to improve orientation robustness [3,10,12]. Although these methods improve
localization accuracy and efficiency, they mainly enhance alignment or refinement, rather than
explicitly enforcing rotation equivariance in backbone features.

From a geometric deep learning perspective, a more principled solution is to explicitly
encode rotation equivariance into the feature extraction process. ReDet [13] is a represen-
tative attempt in this direction. It incorporates an E(2)-Equivariant CNN (E2CNN) [14]
into the detector backbone and introduces Rotation-invariant RoI Align (RiRoI Align) to
derive rotation-invariant region features from rotation-equivariant feature maps. This design
demonstrates that equivariant representations are highly beneficial for aerial object detection,
especially when objects appear in arbitrary directions. However, the underlying E2CNN im-
pose representation-dependent constraints on convolution kernels. Although such constraints
guarantee equivariance, they also restrict the design space of convolution kernels, to some
extent limiting the model’s representational capacity [15].

To overcome the rigidity of explicit steerable networks, Implicitly Equivariant Net-
works (IEN) [16] induce equivariance through auxiliary loss constraints while preserving
the standard CNN architecture. This idea avoids handcrafted steerable kernel parame-
terization and retains the implementation flexibility of conventional backbones. Such a
paradigm is attractive for ORSOD, where preserving the expressive power and compat-
ibility of mainstream detectors is highly desirable. However, when adapted to oriented
detection, implicit-equivariance schemes may still encounter several practical limitations.
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First, layer-wise equivariance supervision based on parallel processing branches can ac-
cumulate approximation errors across stages. Second, group pooling tends to emphasize
invariance at the cost of orientation-sensitive fine details, which are crucial for densely
packed small objects in remote sensing images. Third, designs that favor square inputs
are not well matched to remote sensing imagery, whose aspect ratios are often highly
variable. Figure 1 compares the proposed method with IEN across these three aspects. As a
result, there remains a clear need for a rotation-equivariant ORSOD framework that pre-
serves CNN flexibility, avoids unnecessary information loss, and better fits the geometric
characteristics of remote sensing data.
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Figure 1. The limitations of IEN (top, blue) compared with our method (bottom, green), where
φ denotes rotation and ⊛ represents convolution. (a) Error accumulation, (b) loss of fine-grained
features, (c) aspect ratio limitation.

To address the above limitations, we propose the Ladder-Structured Implicitly Equiv-
ariant Network (LSIEN), a backbone tailored for ORSOD. LSIEN is designed to learn
rotation-equivariant representations in an implicit manner while preserving the architec-
tural flexibility of standard CNNs. Unlike previous implicit-equivariant designs, the pro-
posed ladder-structured formulation follows the principle of rotation equivariance more
faithfully by deriving the equivariance constraint of each layer from the corresponding
feature map of the preceding layer. In this way, LSIEN mitigates the error accumulation
caused by parallel layer-wise supervision and avoids the restrictive kernel design and
pretrained-weight dependence commonly associated with explicit equivariant networks.

Although LSIEN enables the backbone to produce rotation-equivariant features and
RiRoI Align further normalizes region features, classification and localization in ORSOD still
exhibit fundamentally different representation requirements. Classification prefers spatially
aggregated and rotation-invariant semantic cues, whereas box regression and angle prediction
rely more heavily on fine-grained spatial configurations and local geometric structures. Treat-
ing these tasks with a unified fully connected head (fc-head) tends to over-abstract geometric
information, which is particularly unfavorable for accurate localization. To alleviate this incon-
sistency, we further introduce a dual-branch decoupled-head, in which an fc-head is used for
classification and a convolutional head (conv-head) is adopted for bounding box regression.
This decoupled design allows each task to exploit the most suitable feature transformation
paradigm, thereby improving both semantic discrimination and geometric sensitivity. Based
on the proposed LSIEN backbone and the dual-head architecture, we propose a rotation-
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equivariant dual-head detector, termed RedhDet. In summary, our main contributions in this
paper are summarized as follows.

(1) We propose RedhDet, a rotation-equivariant dual-head detector for ORSOD. It achieves
robust oriented object detection through the synergy of implicit equivariant feature
learning, rotation-aligned region representation, and task-specific head decoupling.

(2) We propose LSIEN, a backbone specifically tailored for ORSOD to achieve implicit
rotation equivariance without relying on equivariant pretrained weights. Through
the proposed ladder-structured design, LSIEN more strictly conforms to the rotation-
equivariance paradigm and effectively overcomes the main limitations of previous
implicit-equivariant methods, including error accumulation, loss of fine-grained de-
tails caused by group pooling, and restrictions on input aspect ratios.

(3) We introduce a dual-head decoupling architecture, in which classification and OBB
regression are performed by an fc-head and a conv-head, respectively. This design
better aligns with the distinct feature requirements of semantic recognition and precise
localization, thereby alleviating the inconsistency between classification and regression
in ORSOD.

(4) Extensive experiments on DOTA-1.0, HRSC2016, and DIOR-R demonstrate the ef-
fectiveness of the proposed method. The results demonstrate that RedhDet achieves
competitive performance on the ORSOD task.

This manuscript is an extended version of our conference paper [17]. Compared with
the conference version, the present work includes an expanded technical presentation,
additional experiments on the DIOR-R dataset, and a detailed hyperparameter sensitivity
analysis. The rest of this paper is organized as follows. Section 2 presents the related
work, while Section 3 describes the proposed RedhDet method. Section 4 reports extensive
experiments and analyses. Finally, Section 5 concludes this paper.

2. Related Work
2.1. Oriented Object Detection in Remote Sensing Images

Benefiting from the release of large-scale remote sensing benchmarks and the rapid
advances in computer vision, research on ORSOD has grown substantially in recent years.
The arbitrary orientation of objects poses significant challenges to models in terms of
feature extraction and alignment, label assignment, and parameter regression. From the
perspective of feature extraction and alignment, SCRDet [2] and SCRDet++ [18] enhance
multi-scale and contextual feature modeling for small, cluttered, and rotated objects. RoI
Transformer [3] addresses the geometric mismatch at the proposal level by transforming
horizontal RoIs into rotated ones. R3Det [9] and S2A-Net [10] further improve one-stage
detection through progressive refinement and feature alignment. Oriented R-CNN simpli-
fies the two-stage pipeline by directly generating high-quality oriented proposals. Another
important line of work focuses on label assignment. DAL [19] introduces a matching degree
to evaluate the localization potential of anchors more comprehensively. SASM [20] and
SDDLA [21] further incorporate object shape information into dynamic label assignment,
enabling more reliable positive-sample selection for oriented objects with diverse geome-
tries. GGHL [22] introduces Gaussian-guided heatmap supervision in anchor-free settings
to provide more geometry-aware sample assignment. A third line of research focuses on
bounding-box regression and object representation. To address the boundary discontinuity
of angle regression, existing methods adopt angle-classification schemes such as CSL [8]
and DCL [23], as well as metric-aligned losses such as GWD [24], KLD [25], and KFIoU [11].
Gliding Vertex [7] derives rotated anchor boxes by sliding the four vertices along HBBs.
BBAVectors [26] redesigns OBB parameterization by representing oriented objects with
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four quadrant-aware vectors in the Cartesian coordinate system. In addition, anchor-free
and DETR-based methods, such as Oriented RepPoints [27], AOPG [6], AO2-DETR [4],
and ARS-DETR [28], further improve oriented detection by reducing handcrafted priors
and introducing more flexible object representations.

2.2. Rotation-Equivariant and Rotation-Invariant Networks

Rotation equivariance and rotation invariance provide a principled way to model
geometric transformations in visual recognition. Early studies extended conventional
CNNs from pure translation symmetry to larger transformation groups through group
convolutions [29], harmonic filters [30], and steerable kernels [14], thereby enabling feature
responses to transform predictably under image rotations. More recently, IEN [16] pro-
vides an alternative route by enforcing equivariant behavior through learning objectives
while preserving the architectural freedom of standard CNNs. In oriented object detection,
rotation-related modeling can be roughly categorized into instance-level rotation invari-
ance and backbone-level rotation equivariance. Early detectors mainly obtained rotation-
invariant region features through rotated RoI warping or feature alignment, but their
robustness remained limited when the backbone itself was not rotation-equivariant [3].
ReDet [13] addresses this issue by incorporating E2CNN into the backbone and proposing
RiRoI Align to extract rotation-invariant RoI features from rotation-equivariant feature
maps. Beyond explicit steerable backbones, recent methods also explore other routes
for rotation-aware feature learning. ARC [31] adaptively rotates convolution kernels to
better capture arbitrarily oriented objects. CPCCL [32] introduces cyclic polar coordi-
nates convolution to convert rotational variation into a more tractable form for invariant
feature learning. ORSR [33] guides the network to learn object-wise rotation-invariant
semantic representations for remote sensing object detection. In addition, FPNFormer [34]
models rotation-invariant semantics and rotation-equivariant orientation cues through
transformer-based cross-scale interaction. SREDet [35] improves orientation robustness
by multi-rotation feature fusion and semantic-driven feature enhancement. FRED [36] fur-
ther decouples rotation-invariant classification from rotation-equivariant localization and
pursues full end-to-end rotation equivariance. Although existing rotation-aware methods
have improved orientation robustness through adaptive convolution, rotation-invariant
representation learning, feature interaction, or explicit equivariant modeling, they generally
rely on specific transformation strategies or specialized architectures, which may limit
their compatibility with conventional CNN backbones. In contrast, we propose LSIEN to
learn implicit rotation-equivariant representations without restrictive equivariant kernels
or dedicated equivariant structures, thereby preserving the flexibility of standard CNNs
while enhancing robustness to arbitrary rotations in ORSOD.

2.3. Classification-Localization Inconsistency and Decoupled Detection Heads

Recent studies showed that object classification and localization are intrinsically in-
consistent in detection frameworks, because the former mainly depends on category-
discriminative semantic cues, whereas the latter requires stronger sensitivity to spatial
layout and boundary details [37]. In general object detection, localization-classification
sequencing was introduced to reduce classification ambiguity caused by inaccurate local-
ization [38]. RA-YOLOX [39] improves real-time detection through an aligned decoupled
head. TGADHead [40] further incorporates task-guided attention and task-correlation
modeling to enhance task-specific feature learning while preserving beneficial interaction
between branches. Similarly, Han et al. [41] argued that complete task isolation is not
always optimal and showed that moderate decoupling combined with adaptive feature
extraction can yield better detection performance. Decoupling has also been extended
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to multiscale feature aggregation, as exemplified by WPDFPN [42], which explicitly con-
structs task-specific pyramid features to alleviate classification-localization conflict during
feature fusion. In ORSOD, this topic has also received growing attention. Chen et al. [43]
introduced feature decoupling and post-classification regression for oriented object de-
tection. Huang et al. [44] incorporated a task-decoupled head into an oriented detector
with Gaussian-distribution-based label assignment. A recent multiscale task-decoupled
network [45] further confirms the effectiveness of task-specific branches for oriented SAR
ship detection. Overall, these studies suggest that improving detection accuracy requires
not only stronger feature representations, but also head designs that better match the
distinct representation and optimization requirements of classification and localization.

3. Proposed Method
This section elaborates our proposed method for RedhDet, and Figure 2 illustrates

its overall architecture for ORSOD. The framework consists of three key components:
rotation-equivariant feature learning, rotation-invariant transformation and alignment,
and a dual-branch decoupled head. Specifically, the proposed LSIEN backbone learns
rotation-equivariant features by imposing ladder-structured implicit equivariance con-
straints during training, thereby improving the stability of feature responses under object
rotation. Based on the multiscale features generated by the FPN, the RPN and RoI Trans-
former [3] produce rotated proposals, which are further processed by RiRoI Align [13] to
obtain spatially aligned and orientation-normalized RoI features. Finally, a dual-branch
decoupled head is employed to alleviate the conflict between classification and localiza-
tion, where the fc-head focuses on semantic discrimination and the conv-head emphasizes
precise geometric regression. The detailed computation is described below.

RiRoI Align

C5

C4

C3

C2

Input

LSIEN (Ladder-Structured Implicitly Equivariant Network)

7×7×256 conv

fc

7×7×1024 7×7×1024
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1024 1024
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Dual-Branch Decoupled-Head
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RPN+RT
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1

Le
0

 RoI Transformer and Align

Figure 2. The overall architecture of the proposed RedhDet detector, which incorporates the LSIEN
as the backbone, RoI transformer and align module, and the dual-branch decoupled-head.
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3.1. Ladder-Structured Implicitly Equivariant Network

Rotation equivariance refers to the property that when the input undergoes a rotation,
the function’s output rotates in the same manner. Formally, a function f is rotation-
equivariant if for any input x and rotation group G, it satisfies

f (φg(x)) = φg( f (x)) ∀g ∈ G, (1)

where φg(·) denotes the group action.
Implicit equivariance refers to enhancing the model’s equivariance by introducing

an auxiliary loss term during training. This is achieved by incorporating a feature-space
auxiliary equivariance constraint into the objective function, which encourages the feature
responses of transformed inputs to remain consistent with the correspondingly transformed
feature responses. Our proposed LSIEN exhibits implicit equivariance, which is illustrated
in the top panel of Figure 2. As illustrated in the diagram, the input image is subjected to a
transformation at each layer of the ResNet backbone. The rotation transformation group
GN is defined as:

GN =

{︃
R
(︃

2πk
N

)︃⃓⃓⃓
k = 0, 1, . . . , N − 1

}︃
, (2)

where N denotes the number of discrete rotation elements in GN , and thus 2π/N represents
the angular interval between two adjacent rotations. Here, R(θ) denotes the 2D rotation
matrix for angle θ:

R(θ) =

[︄
cos θ − sin θ

sin θ cos θ

]︄
. (3)

For convenience, G4 and G8 denote 4-fold and 8-fold rotation transformations, respectively,
and Figure 2 visualizes the G4 case for clarity.

Subsequently, in the ResNet, the feature Xi at the Ci-th layer (2 ≤ i ≤ m) is transformed
by the group operation GN into an expanded set of features Xpi. It contains N times as
many features as the original and is expressed as:

Xpi =
{︂

φk
g(Xi)

⃓⃓⃓
k = 0, 1, . . . , N − 1

}︂
g ∈ GN , (4)

where φk
g(·) represents the k-th group action in GN . Each feature in Xpi is independent,

and they are allowed to have different spatial sizes. Specifically, rotations by integer mul-
tiples of π/2 are implemented through direct tensor permutations without interpolation,
whereas rotations by non-integer multiples of π/2 are performed using bilinear interpola-
tion with zero padding and an expanded output canvas. Consequently, the rotated feature
maps may have different spatial dimensions depending on the rotation angle.

The equivariance loss in IEN [16] does not strictly adhere to Equation (1), since the
inputs on both sides are not identical. Since convolution is not rotation-equivariant, it
introduces equivariance error. As a result, the equivariance error in IEN propagates
and accumulates through successive convolution layers, leading to impure equivariance
loss. In contrast, the proposed LSIEN mitigates this issue by formulating the auxiliary
equivariance constraint in a manner that more closely follows the definition of rotation
equivariance. The equivariance loss Le is defined as:

Le =
m

∑
i=2

∑
xpi∈Xpi

∥ Fi(xpi )− xpi+1 ∥2

N × Wi+1 × Hi+1 × Ci+1
, (5)

where m is the total number of feature layers, and the downsampling function Fi(·) maps
the feature map from the Ci-th layer to the C(i+1)-th layer. Wi+1, Hi+1, and Ci+1 denote the
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width, height, and number of channels of the feature map xpi+1 , respectively. Substituting
Equation (4) into Equation (5) yields the following:

Le =
m

∑
i=2

N−1

∑
k=0

∥ Fi(φk
g(Xi))− φk

g(Fi(Xi)) ∥2

N × Wi+1 × Hi+1 × Ci+1
. (6)

It can be observed that the innermost difference term in the above expression aligns with
the definition of rotation equivariance given in Equation (1).

The proposed LSIEN backbone, inspired by the IEN [16] framework but significantly
reconfigured as shown in Figure 1, incorporates several key innovations. First and most
importantly, a ladder-shaped network architecture is employed to ensure that the rotation
equivariance loss at each layer is derived from the same feature map of the previous
layer. This structure more closely follows the definition of rotation equivariance and helps
reduce error propagation across successive stages. Second, group pooling as used in IEN
is intentionally omitted. This operation introduces partial invariance, which tends to
compromise fine-grained details and is particularly undesirable for detecting small objects
in remote sensing imagery. Finally, to prevent domain shift when the model learns rotation
invariance from geometrically transformed images yet is applied to original images, we
adopt a multi-channel design that preserves native image dimensions. The LSIEN network
successfully extracts and outputs rotation-equivariant features, thereby providing essential
support for subsequent spatial and orientation alignment.

3.2. RoI Transformer and Align

Although LSIEN improves backbone rotation equivariance, an intermediate mecha-
nism is still required to convert dense feature maps into instance-level representations for
subsequent classification and localization. Directly applying horizontal RoI extraction to
remote sensing objects with arbitrary orientations usually introduces severe background
redundancy and geometric mismatch. Therefore, following the standard two-stage ori-
ented detection pipeline, we adopt the RoI Transformer [3] to convert horizontal proposals
into rotated proposals, and then employ RiRoI Align [13] to obtain normalized RoI fea-
tures with improved geometric consistency. Given a horizontal proposal r = (x, y, w, h),
the RoI Transformer learns a geometric transformation to predict an oriented proposal
r̃ = (xr, yr, wr, hr, θr), where (xr, yr), (wr, hr), and θr denote the center coordinates, side
lengths, and orientation angle of the rotated proposal, respectively. In practice, this transfor-
mation can be implemented through a regression branch that predicts the offsets from the
horizontal RoI to its oriented counterpart. By replacing coarse horizontal proposals with
rotated ones, the extracted regions become better aligned with the actual object geometry,
thereby reducing the interference caused by irrelevant background and providing a more
appropriate basis for instance-level feature extraction.

However, rotated proposal extraction alone is still insufficient to guarantee stable
rotation-invariant RoI features. Conventional rotated RoI warping mainly performs align-
ment in the spatial domain, while the orientation channels of equivariant feature maps
remain inconsistent across rotated instances. To address this issue, we further adopt RiRoI
Align [13], which performs both spatial alignment and orientation alignment. Orientation
channels are constructed using group-equivariant convolutions based on the cyclic rotation
group CN , where each channel group corresponds to a discrete orientation. The resulting
feature maps have dimensions K × N × H × W, where K denotes the number of chan-
nels per orientation. These orientation channels are preserved during inference because
the equivariant feature extraction layers remain active, allowing RiRoI Align to perform
orientation-channel switching and interpolation. Let F denote the rotation-equivariant
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feature map produced by the backbone and FPN, and let Fr denote the warped RoI feature
associated with r̃. The output of RiRoI Align is formulated as

F̂r = I(S(Fr, s), θr), s =
⌊︃

θr N
2π

⌋︃
, (7)

where S(·) denotes orientation-channel switching, I(·) denotes interpolation in the orien-
tation dimension, and s is the discrete orientation index under an N-fold rotation group.
Here, N has the same meaning as in Equation (2). In this way, RiRoI Align transforms
rotated proposals into fixed-size RoI features that are normalized not only spatially but
also geometrically in the orientation dimension.

In our framework, the RoI Transformer and RiRoI Align are not introduced as the
main source of methodological novelty, but as a necessary intermediate bridge between
backbone-level equivariant feature extraction and head detection.

3.3. Dual-Branch Decoupled-Head

The non-shared weights of the fc-head make it more sensitive to spatial configurations,
favoring classification, whereas the conv-head with shared weights better preserves spatial
structures and is more suitable for regression. This distinction is particularly important
for ORSOD, where angle regression and oriented boundary localization rely on preserving
local geometric layouts after RoI alignment, while classification benefits from more global
and rotation-normalized semantic representations. Motivated by the inherent inconsistency
between classification and localization [37], we adopt a dual-head design in the ORSOD
setting, where the fc-head focuses on semantic discrimination and the conv-head preserves
fine-grained spatial information for precise oriented bounding box regression.

The bottom right panel of Figure 2 illustrates the dual-branch decoupled-head struc-
ture. The fc-head which consists of two fully connected layers following the standard FPN
practice, outputs a 1024-dimensional vector. The conv-head comprises a stack of residual
blocks [46], with the specific blocks corresponding to the solid and dashed arrows detailed
in Figure 2. As illustrated in Figure 3a, the residual branch adopts a bottleneck structure
consisting of 3 × 3, and 1 × 1 convolutions. The internal channel width is 256, and the
channels are ultimately expanded by a factor of four. To maintain consistency with this
dimension, the skip branch is projected using a 1 × 1 convolution. The outputs from both
branches are then summed to perform fusion. As shown in Figure 3b, subsequent residual
blocks maintain the same number of channels. Each residual block employs a sequence of
1 × 1, 3 × 3, and 1 × 1 convolutions, accompanied by an identity skip connection. Finally,
a global average pooling layer aggregates the spatial dimensions into a 1024-dimensional
feature vector, which serves as the final representation of the conv-head.

1×1
3×3

1×1

1×1

3×3

1×1

256×H×W

256×H×W
1024×H×W

1024×H×W

1024×H×W

1024×H×W

1024×H×W

256×H×W

256×H×W

1024×H×W

(a) (b)

relu

relu

relu

relu

relu

Figure 3. The two components of dual-branch decoupled-head: (a) residual block to increase the
number of channels, (b) residual bottleneck block.
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3.4. Total Loss

RedhDet is optimized in an end-to-end manner under a unified multi-task objective.
The overall loss is formulated as:

L = λeLe + λregLreg + λclsLcls + λrpnLrpn, (8)

where Le denotes the equivariance loss of LSIEN and follows Equation (5). Lreg and Lcls

denote the regression and classification losses of the detection head, respectively, while
Lrpn is the loss of the proposal generation branch.

For box regression, the loss is defined as:

Lreg =
1

Nreg
∑

i
I(yi > 0) Lsmooth(bi, bgt

i ), (9)

where yi denotes the class label of the i-th sample, I(·) is the indicator function, and Nreg

denotes the number of positive samples. Here, Lsmooth is the Smooth L1 loss [47]:

Lsmooth(bi, bgt
i ) =

⎧⎪⎨⎪⎩
0.5(bi − bgt

i )2

β
, |bi − bgt

i | < β,

|bi − bgt
i | − 0.5β, otherwise,

(10)

where bi and bgt
i denote the predicted box and its corresponding ground-truth target,

respectively, and β is the hyperparameter controlling the transition point of the piece-
wise function.

For classification, we adopt the standard cross-entropy loss:

Lcls = − 1
Ncls

∑
i

C

∑
c=0

yic log(ŷic), (11)

where ŷic denotes the predicted probability that the i-th sample belongs to class c, yic is the
corresponding one-hot ground-truth label, C is the number of object categories, and Ncls is
the number of samples used for classification.

The RPN loss Lrpn consists of an objectness classification term and a proposal re-
gression term. These two parts are computed in the same manner as the classification
and regression losses defined above. In our experiments, we set λe = 1.0 and λrpn = 1.0.
The remaining weights are set to λreg = 2.5 and λcls = 2.0, as in Wu et al. [37].

4. Experiments
4.1. Datasets

DOTA-1.0 [5] is a widely used benchmark for oriented object detection in aerial images.
It contains 2806 images and 188,282 annotated instances from 15 ground object categories,
including plane (PL), baseball diamond (BD), bridge (BR), ground track field (GTF), small
vehicle (SV), large vehicle (LV), ship (SH), tennis court (TC), basketball court (BC), storage
tank (ST), soccer ball field (SBF), roundabout (RA), harbor (HA), swimming pool (SP),
and helicopter (HC). DOTA-1.0 provides an official split into training, validation, and test
sets, with an approximate ratio of 3:1:2. We crop the original images into 1024 × 1024
patches with an overlap of 200 × 200. In the multi-scale experiments, the original images
are resized to three scales {0.5,1.0,1.5}.

HRSC2016 [48] is a high-resolution optical remote sensing dataset specifically designed
for ship detection, containing 1061 images and 2976 instances. The image sizes range
approximately from 300 × 300 to 1500 × 900 pixels. The dataset includes 436 training
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images, 181 validation images, and 444 test images. In our experiments, all images are
resized to 800 × 800 pixels.

DIOR-R [6] provides OBBs derived from the DIOR dataset [49] for oriented object
detection. It contains 23,463 remote sensing images and 192,518 oriented instances. This
dataset covers 20 common categories, including airplane (APL), airport (APO), baseball
field (BF), basketball court (BC), bridge (BR), chimney (CH), dam (DAM), expressway toll
station (ETS), expressway service area (ESA), golf field (GF), ground track field (GTF),
harbor (HA), overpass (OP), ship (SH), stadium (STA), storage tank (STO), tennis court
(TC), train station (TS), vehicle (VE), and windmill (WM). The dataset includes 5862 train-
ing images, 5863 validation images, and 11,738 test images. The image size is fixed at
800 × 800 pixels.

4.2. Experiment Setup

Implementation Details: We utilize the pre-trained ResNet-50 from ImageNet [50]
as backbone, with Feature Pyramid Networks (FPN) serving as the neck network. All
experiments are conducted on a single RTX 3090 GPU (with 24 GB memory) using the
MMRotate [51] toolbox, with batch size set to 2. The initial learning rate is set to 0.005,
referring to ReDet [13]. The stochastic gradient descent (SGD) [52] is adopted as the
optimizer. We use both training and validation sets for training and the test set for testing
for all datasets. The models are trained for 12, 36, and 12 epochs on DOTA-1.0, HRSC2016,
and DIOR-R, respectively.

Evaluation Metrics: Following standard evaluation protocols in object detection, mean
Average Precision (mAP) is adopted as the primary metric, which is computed from the
precision-recall relationship. Based on the Intersection over Union (IoU) criterion, each
predicted bounding box is classified as either a true positive (TP) or a false positive (FP).
A prediction is considered a TP if its IoU with the matched ground-truth box is higher
than a predefined threshold; otherwise, it is considered an FP. False negatives (FNs) denote
ground-truth instances that are missed by the detector. Accordingly, precision (P) and recall
(R) are defined as follows:

P =
TP

TP + FP
, (12)

R =
TP

TP + FN
. (13)

To further reflect the balance between P and R, the F1-score is additionally introduced,
which is defined as the harmonic mean of P and R:

F1 =
2PR

P + R
. (14)

The Average Precision (AP) score is obtained by calculating the area beneath the PR curve:

AP =
∫︂ 1

0
p(r)dr, (15)

where p denotes the precision rate and r denotes the recall rate. The mAP refers to the
average of the AP scores for every single category.

mAP =
1
K

K

∑
k=1

APk, (16)

where K represents the number of object classes. In this work, detector accuracy is evaluated
using mAP at IoU thresholds of 0.5 (mAP50) and 0.75 (mAP75). Unless otherwise specified,
mAP refers to mAP50. In addition, the HRSC2016 dataset is commonly reported with two
evaluation settings, namely the PASCAL VOC2007 and VOC2012 metrics [53], whereas
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the remaining datasets are evaluated under the PASCAL VOC2007 protocol. In this paper,
mAP(07) denotes the mAP50 metric under VOC2007, and mAP(12) denotes the mAP50

metric under VOC2012.

4.3. Comparison with State-of-the-Art Methods

To evaluate the performance of the proposed method, representative and state-of-
the-art ORSOD methods are selected for comparison. Specifically, recent representa-
tive methods are chosen from anchor-free [22,27,28,54,55], one-stage [9–11,21], and two-
stage [2,3,7,12,18,56] oriented object detectors. In addition, recent rotation-equivariant
feature extraction methods, including ReDet [13], FPNFormer [34], SREDet [35], FRED [36],
RO2-DETR [57], are also included for comparison.

4.3.1. Results on DOTA-1.0

We compare our proposed method with state-of-the-art approaches on DOTA-1.0 OBB
task, and the results are presented in Table 1. The table reports the detection performance
of all methods on the 15 categories of DOTA-1.0, along with mAP. All results except
our own are drawn from published papers. Our proposed detector RedhDet, equipped
with LSIEN based on ResNet-50, achieves a competitive result of 76.37% mAP. When
multi-scale training and testing are adopted, RedhDet reaches 80.40% mAP, achieving the
highest performance among the compared methods. It is noteworthy that compared to
other rotation-equivariant methods such as FRED, FPNFormer and SREDet, our method
outperforms them. Additionally, our approach achieves either the best or second-best
results across the BD, BR, LV, TC, ST, SBF, HA, and HC categories.

Table 1. Comparison with state-of-the-art methods on the OBB-based task of the DOTA-1.0 dataset.
* means multi-scale training and testing. R-101 denotes ResNet 101 (likewise for R-50 and R-152);
D-53, and ReR-50 stand for DarkNet 53, and ReResNet 50, respectively. Best (bold) and second-best
(underlined) results are highlighted.

Methods Backbone PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP (%) ↑
Anchor-free:
O-RepPoints [27] R-101 89.53 84.07 59.86 71.76 79.95 80.03 87.33 90.84 87.54 85.23 59.15 66.37 75.23 73.75 57.23 76.52
GGHL * [22] D-53 89.74 85.63 44.50 77.48 76.72 80.45 86.16 90.83 88.18 86.25 67.07 69.40 73.38 68.45 70.14 76.95
EARL * [54] R-50 90.13 83.90 47.19 72.17 81.54 84.26 88.24 90.69 79.10 86.71 60.47 72.21 71.26 73.81 58.80 76.03
ARS-DETR [28] R-50 86.97 75.56 48.32 69.20 77.92 77.94 87.69 90.50 77.31 82.86 60.28 64.58 74.88 71.76 66.62 74.16
FRED [36] ReR-50 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
RO2-DETR * [57] R-50 89.40 84.81 57.11 75.54 78.77 82.74 87.31 90.87 84.66 85.39 62.01 69.97 75.02 71.90 72.14 79.42
PSSANet [55] LRFormer 88.70 83.20 52.20 63.30 78.70 81.70 87.20 90.80 86.40 80.30 58.30 62.00 73.00 73.80 67.60 75.21
One-stage:
R3Det * [9] R-152 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
S2A-Net * [10] R-101 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
KFIoU * [11] R-101 89.28 83.32 59.40 80.29 80.43 84.70 88.85 90.87 84.51 87.95 71.86 71.60 78.31 79.42 66.60 79.83
FPNFormer * [34] R-50 89.10 82.41 56.15 81.24 82.05 85.16 88.74 90.89 85.78 87.07 68.93 68.47 77.93 78.65 68.35 79.39
SREDet * [35] R-101 90.23 86.75 54.34 80.81 80.41 79.37 87.02 90.90 88.28 86.84 70.16 70.68 74.43 76.11 73.42 79.32
SDDLA * [21] R-101 89.51 83.81 59.60 81.92 80.39 84.79 88.60 90.81 85.98 87.50 71.41 69.42 78.44 78.28 68.38 79.92
Two-stage:
RoI Trans. * [3] R-101 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 [2] R-101 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
Gliding Vertex [7] R-101 89.64 85.00 52.26 77.34 73.01 73.14 86.82 90.74 79.02 86.81 59.55 70.91 72.94 70.86 57.32 75.02
CSL * [8] R-152 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
ReDet ReR-50 88.79 82.64 53.97 74.00 78.13 84.06 88.04 90.89 87.78 85.75 61.76 60.39 75.96 68.07 63.59 76.25
ReDet * [13] ReR-50 88.81 82.48 60.83 80.82 78.34 86.06 88.31 90.87 88.77 87.03 68.65 66.90 79.26 79.71 74.67 80.10
O-R-CNN [12] R-101 88.86 83.48 55.27 76.92 74.27 82.10 87.52 90.90 85.56 85.33 65.51 66.82 74.36 70.15 57.28 76.28
SCRDet++ * [18] R-101 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
RSDB-Net * [56] STC-R50 88.89 83.69 55.99 69.42 80.07 84.84 89.13 90.85 83.75 88.15 76.97 66.17 76.87 80.48 72.27 77.81
RedhDet (Ours) LSIEN-R50 89.29 82.53 53.31 75.19 78.64 82.94 87.89 90.90 86.69 85.19 64.33 60.29 75.07 68.25 65.10 76.37
RedhDet * (Ours) LSIEN-R50 89.44 86.24 59.87 79.62 79.09 85.43 88.32 90.87 86.88 88.06 72.29 68.78 78.75 78.33 73.97 80.40
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The detection results for all 15 categories from our proposed method are visualized in
Figure 4. The detection results exhibit fewer missed detections and false alarms, with bound-
ing boxes tightly adhering to the ground truth and yielding high-confidence predictions.
This demonstrates the precise detection capability of RedhDet for densely arranged and
oriented objects. We chose the two-stage rotation-equivariant detector ReDet [13] to com-
pare qualitative results with the RedhDet method. As shown in Figure 5, our approach
reduces missed targets and false alarms.

Figure 4. Detection results visualization of our proposed method on the DOTA-1.0 dataset.

4.3.2. Results on HRSC2016

HRSC2016 contains numerous elongated ship instances with arbitrary orientations. We
evaluate various advanced ORSOD methods on this dataset, and the results are summarized
in Table 2. RedhDet built on the ResNet-101 backbone achieves the highest performance of
90.48% mAP(07) and 97.71% mAP(12). Figure 6 showcases challenging instance detection
results, further elucidating the advantages of our method in detecting objects with large
aspect ratios.

4.3.3. Results on DIOR-R

Table 3 presents a comparison between our method and several contemporary ap-
proaches on the DIOR-R dataset. Our proposed RedhDet achieves the highest overall
performance of 66.44% mAP, and maintains state-of-the-art results across multiple cat-
egories. Figure 7 shows the PR curves of all categories on the DIOR-R dataset. Strong
performance can be observed for categories such as BC, TC, GTF, SH, and ESA, whose
curves maintain relatively high precision over a broad recall range. In contrast, categories
such as DAM, BR, APO, and VE remain more challenging, with precision dropping more
rapidly as recall increases. A more detailed analysis of the error distribution and inter-class
confusion is provided by the normalized confusion matrix in Figure 8. It can be observed
that APL, APO, BF, BR, DAM, HA, STO, TS, and VE are relatively often missed and thus
classified as background. In addition, BR and OP show noticeable confusion, indicating
that their geometric patterns are not always easy to distinguish in remote sensing images.
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A similar but more severe phenomenon occurs between GTF and STA, suggesting that
categories with similar spatial layouts or surrounding contexts remain challenging for
accurate discrimination.

Table 2. Comparison with state-of-the-art methods on the HRSC2016 dataset. Best (bold) and second-
best (underlined) results are highlighted.

Methods Backbone mAP(07) (%) ↑ mAP(12) (%) ↑
RoI Trans. [3] R-101 86.20 —
Gliding Vertex [7] R-101 88.20 —
CSL [8] R-101 89.62 96.10
BBAVectors [26] R-101 88.60 —
R3Det [9] R-101 89.26 96.01
DAL [19] R-101 89.77 —
S2A-Net [10] R-101 90.17 95.01
ReDet [13] R-50 90.46 97.63
O-RepPoints [27] R-50 90.38 97.26
EARL [54] R-101 88.80 92.10
SREDet [35] R-101 89.80 —
SDDLA [21] R-101 90.46 97.35
RSDB-Net [56] STC-R50 90.10 —
RO2-DETR [57] R-101 90.44 97.47
PSSANet [55] LRFormer 89.90 —

RedhDet (Ours) LSIEN-R101 90.48 97.71

R
eD

et
R

ed
hD

et
 (o

ur
s)

Figure 5. Qualitative comparisons between the proposed RedhDet and ReDet [13] on the DOTA-1.0
dataset. Red and green ellipses mark false alarm and missed targets results, respectively.
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Figure 6. Detection results visualization of our proposed method on the HRSC2016 dataset.

Figure 7. The PR curves of all categories on the DIOR-R dataset.
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Figure 8. The confusion matrix on the DIOR-R dataset.

Table 3. Comparison with state-of-the-art methods on the DIOR-R dataset. Best (bold) and second-
best (underlined) results are highlighted.

Methods RoI Trans. [3] Gliding Vertex [7] S2A-Net [10] ReDet [13] AOPG [6] O-RepPoints [27] ARS-DETR [28] ORSR [33] RO2-DETR [57] RedhDet

Backbone R-50 R-50 R-50 ReR-50 R-50 R-50 R-50 ReR-50 R-50 LSIEN-R50

APL 63.34 65.35 67.98 77.15 62.39 67.80 68.00 63.16 69.78 71.79
APO 37.88 28.87 44.44 43.68 37.79 48.01 54.17 52.24 54.77 47.67
BF 71.78 74.96 71.63 71.66 71.62 77.02 74.43 71.54 74.49 71.80
BC 87.53 81.33 81.39 87.41 87.63 85.37 81.65 89.44 82.11 90.35
BR 40.68 33.88 42.66 43.70 40.90 38.55 41.13 39.47 42.30 45.69
CH 72.60 74.31 72.72 73.40 72.47 78.45 75.66 80.72 76.66 72.63
DAM 26.86 19.58 27.08 34.55 31.08 33.67 34.89 34.19 33.94 31.55
ETS 78.71 70.72 70.40 68.55 65.42 72.06 73.07 71.13 72.99 70.99
ESA 68.09 64.70 79.03 79.33 77.99 81.13 81.92 79.36 82.01 80.21
GF 68.96 72.30 75.56 69.57 73.20 76.00 76.10 70.94 76.11 69.81
GTF 82.74 78.68 81.02 76.23 81.94 79.89 78.62 81.68 78.56 83.04
HA 47.71 37.22 43.41 45.49 42.32 45.72 36.33 48.04 40.11 51.02
OP 55.61 49.64 56.45 59.02 54.45 54.72 55.41 57.55 56.06 58.82
SH 81.21 80.22 81.12 81.24 81.17 85.13 84.55 80.76 85.06 81.32
STA 78.23 69.26 68.00 64.46 72.69 76.04 70.09 65.56 73.11 74.93
STO 70.26 61.13 70.03 69.31 71.31 65.27 72.23 61.46 72.19 62.81
TC 81.61 81.49 87.07 81.42 81.49 85.38 81.14 88.85 84.10 89.84
TS 54.86 44.76 53.88 49.18 60.04 59.76 61.52 56.62 60.66 61.03
VE 43.27 47.71 51.12 48.24 52.38 48.02 50.57 46.23 53.02 49.25
WM 65.52 65.04 65.31 65.20 69.99 68.92 70.28 64.56 71.11 64.15

mAP (%) ↑ 63.87 60.06 64.52 64.44 64.41 66.35 66.10 65.18 66.43 66.44

4.4. Ablation Studies

This section evaluates the effectiveness of the proposed method through a series of
ablation studies conducted on DOTA-1.0, HRSC2016, and DIOR-R datasets. It is important
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that RoI Transformer [3] serves as the baseline model and adopts the original ResNet-50
combined with FPN as its backbone.

4.4.1. Ablation of the Main Components

The contribution of each component is assessed through an ablation study, as shown
in Table 4. All configurations in Table 4 are evaluated using the same dataset split, IoU
thresholds, and AP computation protocol to ensure a consistent comparison. It confirms that
LSIEN (with RiRoI) and the dual-head consistently improve upon the baseline performance.
When both components are used jointly, the detector achieves its best performance, reaching
76.37% mAP50 on DOTA-1.0 and 90.21% mAP50 on HRSC2016. Furthermore, our approach
attains gains of 2.09% mAP50 and 14.84% mAP75 on DOTA-1.0, as well as 14.12% mAP50

and 51.85% mAP75 on HRSC2016. These results demonstrate that each component of
our method is effective, and the full detector significantly improves performance over
the baseline. The substantial improvement in mAP75 on HRSC2016 can be primarily
attributed to the improved localization accuracy for elongated ship targets. Due to their
large aspect ratios, even small deviations in orientation or bounding box boundaries can
lead to significant reductions in IoU, particularly under the stricter threshold of 0.75.
The proposed LSIEN, combined with RiRoI Align, enhances the geometric consistency and
rotation alignment of object features, while the adopted dual-head design further supports
precise OBB regression. Their combination improves mAP75 to 80.45%, indicating that both
components contribute to the substantial localization improvement.

Table 4. Ablation study of each structure in our proposed method on DOTA-1.0 and HRSC2016
datasets. The bold value represents the best result. RR denotes random rotation augmentation.

Dataset LSIEN+RiRoI Dual-Head RR mAP50 (%) ↑ mAP75 (%) ↑

DOTA-1.0

− − − 72.30 34.11
✓ 74.28 34.15

✓ ✓ 76.12 (+1.84) 48.85 (+14.70)
✓ ✓ 76.23 (+1.95) 48.19 (+14.04)

✓ ✓ ✓ 76.37 (+2.09) 48.99 (+14.84)

HRSC2016

− − − 74.84 28.55
✓ 76.09 28.60

✓ ✓ 90.17 (+14.08) 79.83 (+51.23)
✓ ✓ 90.16 (+14.07) 76.18 (+47.58)

✓ ✓ ✓ 90.21 (+14.12) 80.45 (+51.85)

4.4.2. Hyperparameter Selection

The hyperparameters investigated in this section are derived from the loss function in
Equation (8). Following the best-performing settings reported by Wu et al. [37], λreg = 2.5
and λcls = 2.0 are adopted as the reference values. To investigate the sensitivity of these loss
weights, λreg is varied over {2.0, 2.5, 3.0} and λcls over {1.5, 2.0, 2.5}, with the corresponding
values paired in ascending order. In addition, the equivariance loss weight λe is evaluated
at {1.0, 2.0}, while λrpn is fixed at 1.0. This results in six parameter configurations as shown
in Table 5. All configurations are trained using the combined training and validation sets,
and their performance is evaluated on the DOTA-1.0 test set. The results indicate that
the mAP performance fluctuates within the range of 75.53% to 76.37%, with the optimal
performance achieved when λe = 1, λreg = 2.5, and λcls = 2.0.
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Table 5. Analysis of the effects of different parameters on the DOTA-1.0 dataset. The bold value
represents the best result.

λe λreg λcls mAP (%) ↑
1.0 2.0 1.5 75.94
1.0 2.5 2.0 76.37
1.0 3.0 2.5 75.95
2.0 2.0 1.5 75.88
2.0 2.5 2.0 75.53
2.0 3.0 2.5 75.96

4.4.3. Effect of Rotation-Equivariant Backbone

To evaluate the performance differences of LSIEN under different rotation transforma-
tion groups, we conduct the experiments in Table 6 based on ReDet (without considering
the impact of the dual-head). The results show that G8 provides improvements of 0.24%
mAP50, 0.26% mAP75 on DOTA-1.0, and 0.16% mAP50, 0.63% mAP75 on HRSC2016, com-
pared with G4. Although G8 achieves slightly higher detection accuracy, its training time
increases from approximately 9.1 h for G4 to 14.3 h, representing a 57% increase due to the
additional computation of rotated features. Therefore, G4 offers a more efficient alternative
when training resources are limited, whereas G8 is preferred when detection accuracy is
prioritized. To further verify the correctness of the ladder-shaped connections for loss com-
putation and the removal of group pooling operation, Table 6 includes comparisons with
IEN and a feature-deformed group pooling variant (LSIEN-GP). The results demonstrate
that, under both G4 and G8 transformations, LSIEN consistently outperforms IEN and
LSIEN-GP on both datasets.

Table 6. Performance comparison of different backbone under different rotation transformation
groups on DOTA-1.0 and HRSC2016 datasets. The bold value represents the best result.

GN Backbone DOTA-1.0 HRSC2016
mAP50 (%) ↑ mAP75 (%) ↑ mAP50 (%) ↑ mAP75 (%) ↑

G4

IEN [16] 74.31 47.56 89.24 76.14
LSIEN-GP 75.70 47.65 89.85 78.63

LSIEN 75.88 48.59 90.01 79.20

G8

IEN [16] 74.34 47.98 89.43 78.50
LSIEN-GP 75.68 48.44 89.93 79.43

LSIEN 76.12 48.85 90.17 79.83

To further validate whether the proposed LSIEN alleviates equivariance error accumu-
lation, we conduct an additional layer-wise equivariance error analysis on the DOTA-1.0
test set. Specifically, for each backbone stage, the normalized equivariance error is averaged
over all test images and defined as

Ei =
1
M

M

∑
m=1

⃦⃦
fi(ϕg(xm))− ϕg( fi(xm))

⃦⃦
2⃦⃦

ϕg( fi(xm))
⃦⃦

2 + ϵ
, (17)

where xm denotes the m-th test image, M is the total number of test images, fi(·) denotes
the feature output of the i-th backbone stage, ϕg(·) denotes a rotation transformation by an
evaluation angle θ ∈ {π/4, π/2, 2π/3}, and ϵ is a small constant for numerical stability.
All models are evaluated in inference mode using their trained checkpoints, without any
stochastic training operations. Figure 9 compares the layer-wise equivariance errors under
π/4, π/2, and 2π/3 rotations, covering both in-group and out-of-group transformations.
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Across all three angles, the errors increase from C2 to C3 and subsequently decrease
toward C5, with both methods exhibiting identical errors at C2. Compared with IEN,
LSIEN consistently achieves lower errors at C4 and C5, although a slightly higher error
is observed at C3 under π/4 rotation. Furthermore, the overall errors are highest under
2π/3 rotation, and the improvement achieved by LSIEN is less pronounced than that under
π/2, suggesting that the tested out-of-group rotation remains more challenging. These
results indicate that the ladder-structured constraint provides more stable equivariant
feature propagation and helps mitigate the accumulation of equivariance errors across
backbone stages.

(a) θ = π/4 (b) θ = π/2

(c) θ = 2π/3

Figure 9. Layer-wise comparison of relative equivariance errors between IEN and the proposed
LSIEN on the DOTA-1.0 test set under different rotation angles. Lower values indicate better rotation-
equivariant feature consistency.

4.4.4. Effect of Dual-Branch Head

To verify the suitability of the fc-head and the conv-head for classification and regres-
sion tasks, respectively, experiments are conducted on four head combinations. The DIOR-R
dataset is selected for this study because it contains a larger number of categories and
provides publicly available ground-truth annotations for the test set than the DOTA-1.0
dataset. Furthermore, to better evaluate classification performance and localization ac-
curacy, the Macro-F1 is introduced in addition to mAP. The corresponding results are
reported in Table 7. It can be observed that when employing the fc-head for classification
and the conv-head for regression, the model achieves the best values on both metrics.
This demonstrates the suitability of fully connected and convolutional heads for their
respective tasks.
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Table 7. Comparison of different classification and regression head combinations on the DIOR-R
dataset. Macro-F1 is reported at IoU = 0.5 and score threshold = 0.3. The bold value represents the
best result.

Classification Type Regression Type mAP (%) ↑ Macro-F1 ↑
conv-head fc-head 65.81 69.77
conv-head conv-head 65.90 68.93

fc-head fc-head 65.92 69.52
fc-head conv-head 66.44 70.91

4.4.5. Visualization Explanation

To intuitively examine the effectiveness of the proposed method in extracting rotation-
equivariant features, we visualize the feature heatmaps of RoI Transformer (baseline) and
RedhDet (ours) on the DOTA-1.0 dataset, as shown in Figure 10. It can be observed that
feature heatmaps of RedhDet highlight regions that align more closely with the true object
contours and exhibit a clearer foreground-background contrast. Moreover, after rotating the
input image, the features extracted by the baseline detector display substantial deviations,
whereas our method remains nearly rotation equivariance.

Input Image RoI Transformer (baseline) RedhDet (ours)

Figure 10. Visualization of feature heatmap of RoI Transformer (baseline) and RedhDet (ours) on the
DOTA-1.0 dataset. Warmer colors indicate stronger feature responses. The dashed circles highlight
regions where the baseline exhibits less consistent feature responses than RedhDet.

4.4.6. Computational Cost and Efficiency

To evaluate the computational efficiency of the proposed method, the number of param-
eters (Params), floating-point operations (FLOPs), and inference speed (FPS) are compared
with those of RoI Transformer [3] and ReDet [13], as shown in Table 8. Params and FLOPs are
measured using the MMRotate complexity analysis tool under a fixed input size, with FLOPs
representing the estimated operations supported by the profiling tool. Compared with RoI
Transformer, RedhDet improves mAP50 by 2.09 percentage points on DOTA-1.0, while main-
taining the same reported Params (55.13 M) and FLOPs (225.29 G). Meanwhile, the FPS
decreases slightly from 21.6 to 21.1, indicating a favorable accuracy-efficiency trade-off with
limited inference overhead. Although ReDet requires fewer parameters and FLOPs, its mea-
sured FPS is lower than that of RedhDet, suggesting that theoretical computational complexity
does not necessarily correspond directly to actual inference speed.
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Table 8. Comparison of computational cost and inference efficiency among different detectors. The
bold value represents the best result.

Methods Params (M) ↓ FLOPs (G) ↓ FPS (img/s) ↑
RoI Trans. [3] 55.13 225.29 21.6

ReDet [13] 31.64 80.22 14.4
RedhDet (Ours) 55.13 225.29 21.1

5. Conclusions
In this paper, we propose a novel framework for ORSOD by unifying rotation-

equivariant feature learning with dual-head decoupling. At the feature-learning level,
the proposed Ladder-Structured Implicitly Equivariant Network (LSIEN) provides a new
implicit rotation-equivariant backbone design that alleviates the major limitations of pre-
vious implicit-equivariant methods, including equivariance error accumulation, the loss
of fine-grained details caused by group pooling, and constraints on input aspect ratios.
At the prediction level, the introduced dual-branch decoupled head separates classification
from OBB regression, enabling each task to benefit from a more suitable architectural form
and more appropriate feature representations. Extensive experiments and ablation studies
on DOTA-1.0, HRSC2016, and DIOR-R demonstrated the effectiveness of the proposed
method. The results indicate that RedhDet is a practical and effective solution for remote
sensing applications, with potential applicability to other rotation-equivariant vision tasks.

6. Patents
The work reported in this manuscript has resulted in a Chinese invention patent

application entitled “A Rotation-Equivariant Dual-Branch Object Detection Method and
System for Remote Sensing Images”, Application No. 202610253798.3.
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Abbreviations
The following abbreviations are used in this manuscript:

ORSOD oriented remote sensing object detection
HBB horizontal bounding box
OBB oriented bounding box
CNN convolutional neural network
E2CNN e(2)-equivariant convolutional neural network
RoI Align region of interest align
IEN implicitly equivariant network
LSIEN Ladder-Structured Implicitly Equivariant Network
RedhDet Rotation-equivariant Dual-head Detector
GP group pooling
FPN feature pyramid network
GPU graphics processing unit
SGD stochastic gradient descent
mAP mean average precision
IoU intersection over union
TP true positive
FP false positive
FN false negative
AP average precision
PR precision–recall
RR random rotation augmentation
Params model parameters
FLOPs floating-point operations
FPS frames per second
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