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Figure 1. Performance comparison of HBox-supervised orientated detectors. (a) Top: A coarse horizontal bounding box (C-HBox) ( 2⃝)
and its corresponding rotated bounding box (RBox) ( 1⃝). Bottom: A tight horizontal bounding box (T-HBox)( 2⃝) and its corresponding
RBox ( 1⃝). (b) Our ABBSPO is capable of accurately detecting both orientations and scales for GT C-HBoxes and T-HBoxes. (c) Average
Precision (AP50) for H2RBox [42], H2RBox-v2 [48], and our ABBSPO. 3-AP50 represents the mean AP50 for three complex shaped
objects: (i) DIOR: ‘airplane’, ‘expressway service area’, and ‘overpass’ and (ii) DOTA: ‘plane’, ‘swimming pool’, and ‘helicopter’.

Abstract

Weakly supervised Oriented Object Detection (WS-OOD)
has gained attention as a cost-effective alternative to fully
supervised methods, providing efficiency and high accu-
racy. Among weakly supervised approaches, horizontal
bounding box (HBox) supervised OOD stands out for its
ability to directly leverage existing HBox annotations while
achieving the highest accuracy under weak supervision set-
tings. This paper introduces adaptive bounding box scaling
and symmetry-prior-based orientation prediction, called
ABBSPO that is a framework for WS-OOD. Our ABB-
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SPO addresses the limitations of previous HBox-supervised
OOD methods, which compare ground truth (GT) HBoxes
directly with predicted RBoxes’ minimum circumscribed
rectangles, often leading to inaccuracies. To overcome this,
we propose: (i) Adaptive Bounding Box Scaling (ABBS)
that appropriately scales the GT HBoxes to optimize for the
size of each predicted RBox, ensuring more accurate predic-
tion for RBoxes’ scales; and (ii) a Symmetric Prior Angle
(SPA) loss that uses the inherent symmetry of aerial objects
for self-supervised learning, addressing the issue in previ-
ous methods where learning fails if they consistently make
incorrect predictions for all three augmented views (orig-
inal, rotated, and flipped). Extensive experimental results
demonstrate that our ABBSPO achieves state-of-the-art re-
sults, outperforming existing methods.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Object detection often leverages supervised learning with
ground truth horizontal bounding box labels (GT HBoxes)
to locate the objects of interest. However, the usage of GT
HBoxes limits the precise localization of the objects with
their orientations and tight surrounding boundaries, espe-
cially for objects such as airplanes and ships of various
orientations in aerial images. To handle object detection
as an oriented object detection problem, more precise ro-
tated bounding box labels (GT RBoxes) are required, which
is very costly to generate [49]. So, to mitigate this chal-
lenge, previous methods [17, 23, 42, 47–49] have explored
weakly supervised oriented object detection (OOD) that uti-
lizes less expensive forms of annotations, such as image-
level, point and HBox annotations. Among these, the use of
HBoxes is the most popular due to their widespread avail-
ability in existing public datasets [4, 9, 12, 21, 30, 31] to
predict the RBoxes for objects of interest. So, this approach
can detour the costly process of generating GT RBoxes.

The previous weakly supervised (WS) learning of OOD
[22, 27, 42, 48] utilizes GT HBoxes in the forms of coarse
HBoxes, called GT C-HBoxes, as supervision to com-
pare with the HBoxes derived as the minimum circum-
scribed rectangles from the predicted RBoxes by their OOD
models. As shown in the upper figure of Fig. 1-(a), the
GT C-HBoxes are defined as coarse horizontal bounding
boxes that loosely encompass the boundaries of objects (not
tightly bounded). The GT HBoxes of the DOTA [29] dataset
are in the forms of C-HBoxes which are derived as the
minimum circumscribed horizontal bounding boxes of their
GT RBoxes. However, when the previous OOD methods
[42, 48] are supervised with the other GT HBoxes that are in
the form of tight HBoxes, called GT T-HBoxes (e.g. DIOR
dataset [13]), as shown in the bottom figure of Fig. 1-(a),
we found that their performances are significantly degraded
because GT T-HBoxes tend to have different scales, com-
pared to those of GT C-HBoxes (see Fig. 1-(c)). As shown
in Fig. 1-(b), this causes the previous methods to predict ei-
ther RBoxes with accurate orientations but inaccurate scales
smaller than the sizes of their corresponding objects, or the
RBoxes with inaccurate (close to horizontal) orientations
but somewhat accurate scales (almost the same as HBoxes).

To overcome the above limitations of the previous WS-
OOD methods, we propose an adaptive bounding box scal-
ing and symmetry-prior-based orientation prediction, called
as ABBSPO, as a WS-OOD framework that can be effec-
tively trained with either GT C-HBoxes or GT T-Hboxes
for aerial images. For this, (i) a novel Adaptive Bounding
Box Scaling (ABBS) module is designed to have the flexi-
bility of adjusting the GT HBoxes for each object into ran-
dom sizes and then selecting the optimal scaled GT HBoxes
that allow it to encompass the predicted RBoxes. Note that

the previous methods are not possible to have such flexibil-
ity for the adjustment of GT HBoxes; (ii) An angle learning
module is proposed in a self-supervised manner that utilizes
the symmetric priors of the objects that open appear in top-
down views of aerial images. As shown in Figs 1-(b) and
(c), Our proposed method predicts accurate orientation and
surrounding boxes of objects for both cases of using GT
C-HBoxes and GT T-HBoxes, outperforming the previous
methods in angle accuracy and localization in terms of av-
erage precision (AP). Our contributions are summarized as:

• To the best of our knowledge, our work is the first to
address the limitations of previous weakly supervised
OOD learning methods with T-HBoxes as GT. To over-
come this, we propose a novel weakly supervised OOD
method that can be effectively trained with T-HBoxes or
C-HBoxes that can be cheaply annotated as GT;

• The adaptive bounding box scaling (ABBS) module is
proposed to flexibly adjust the HBox (GT) for each ob-
ject toward an appropriately scaled HBox. This allows
part of the predicted RBoxes to place outside the T-HBox
(GT), yielding precise RBox prediction;

• A symmetric prior angle (SPA) loss is presented to en-
hance the orientation prediction accuracy by leveraging
the symmetric priors of the objects in aerial images;

• Our method significantly outperforms the state-of-the-
art OOD methods using weakly supervised learning with
HBoxes (GT) for aerial datasets.

2. Related Work
2.1. RBox-supervised Oriented Object Detection

Oriented Object Detection (OOD) has gained significant at-
tention, leading to extensive research in RBox-supervised
methods (using GT RBoxes) such as Rotated RetinaNet
[20], Rotated FCOS [24], R3Det [37], ROI Transformer [6],
ReDet [8], and S2A-Net [7]. Rotated FCOS [24] improves
OOD performance by introducing center-ness, which as-
signs weights to samples based on their proposal locations,
thereby emphasizing well-positioned proposals. Oriented-
RepPoints methods [3, 14, 43], in contrast, utilize flexi-
ble receptive fields to extract key object points. However,
a common challenge in RBox-supervised OOD methods is
the boundary discontinuity problem that arises from the def-
inition and prediction of angle parameters (θ) [33, 34]. To
address this, several methods modified the ways of defining
the RBox representations, such as Gaussian distributions
[25, 26, 35, 36, 38–41], thereby avoiding straightforward re-
gression of angle parameters. On the other hand, in weakly
supervised learning, the boundary discontinuity issue does
not arise thanks to the absence of direct RBox supervision,
allowing for more stable angle predictions without the need
for complex mitigation strategies.
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Predicted RBox Projection Process (Eq. 1)

Scaled GT HBoxes Generation Process (Eq. 9)

Figure 2. Overall pipeline of our ABBSPO framework. Our ABBSPO leverages weakly supervised learning from HBox annotations to
accurately predict RBoxes. The framework incorporates the Orientation Learning Branch (OLB) for precise angle estimation, using the
Symmetric Prior Angle (SPA) loss, and the Scale Learning Branch (SLB) for optimal scale adjustment via the Adaptive Bounding Box
Scaling (ABBS) module. The framework supports both C-HBox and T-HBox ground truths, ensuring robust and accurate predictions.

2.2. Weakly-supervised Orientd Object Detection

Weakly supervised OOD methods learn to predict RBoxes
without directly utilizing GT RBoxes. The approaches in
this domain are primarily categorized based on the types of
labels they employ: image-based [23], point-based [17, 47],
and HBox-based [42, 48].

Image-based supervision. WSODet [23], aims to gen-
erate pseudo-RBoxes without explicit localization supervi-
sion, thus encountering significant limitations when relying
solely on image labels, especially for the scenes with nu-
merous and diverse object types.

Point-based supervision. By leveraging one representa-
tive point at the center location as a label for each object,
point label-based methods offer the advantage of being cost-
effective [1, 2, 11, 16, 19, 44]. PointOBB [17] estimates an-
gles from geometric relationships across original, rotated,
and flipped views, and determines scales by analyzing pro-
posal distributions between original and scaled input im-
ages. PointOBB-v2 [18] improves single point supervision
by refining pseudo-label generation, leading to enhanced ef-
ficiency and accuracy. Point2RBox [47] employed funda-
mental patterns as priors to guide the regression of RBoxes.
Point-based methods are cost-effective and straightforward,
but still struggle with limited supervision.

HBox-based supervision. As annotating HBoxes is more

straightforward than RBoxes, the HBox-supervised OOD
has gained increasing attention in recent studies. H2RBox
[42] utilized rotated views from the original view and pro-
vided self-supervision of object orientations without re-
quiring the GT angles. H2RBox-v2 [48] expanded the
use of geometric relationships between views by adding
flipped views. These methods learn to predict RBoxes
by converting minimum circumscribed HBoxes that en-
compass the predicted RBoxes to directly compare IoU
with the GT HBoxes, thereby enabling HBox-supervised
OOD. However, these methods only guarantee performance
when trained with GT C-HBoxes that are derived from GT
RBoxes. These methods struggle to learn precise OOD
when being trained with GT T-HBoxes, because of the sig-
nificant gap between the GT T-HBoxes and the HBoxes de-
rived from predicted RBoxes. To address the issue, we pro-
pose an ABBS module to effectively handle both types of
GTs (C-HBoxes and T-HBoxes).

3. Method
3.1. Overall Pipeline

Weakly supervised OOD aims to predict RBoxes using less
expensive annotations such as HBoxes. Existing methods
such as H2RBox [42] and its improved version H2RBox-v2
[48] have laid the foundation for directly predicting RBoxes
from HBoxes. Our proposed pipeline builds upon the
H2RBox-v2 [48] framework to effectively enable weakly
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supervised OOD from either C-HBoxes or T-Boxes. Fig-
ure 2 depicts the conceptual framework of our weakly su-
pervised OOD method. Given an input image Iori and its ro-
tated and flipped version Irot and Iflp, our proposed pipeline
obtains the RBox for each input view (Iori, Irot, Iflp), in-
cluding the center position (x,y), size (w,h), angle (θ), class
scores (p), and the center-ness (cn). To classify each de-
tected object, we follow FCOS [24] by supervising both
the classification (p) and the center-ness (cn). The angle
(θ) prediction is obtained by using the method proposed in
PSC [46]. Our contribution mainly lies in the supervision
for localization, consisting of two branches: a scale learn-
ing branch (SLB) and an orientation learning branch (OLB).

In the SLB, the adaptive bounding box scaling (ABBS)
module addresses the relationships between GT HBoxes
and predicted RBoxes. This ABBS module provides proper
minimum circumscribed rectangle for the accurately pre-
dicted RBoxes, by adaptively scaling the HBoxes based on
a predefined scale range. The OLB guides accurate pre-
diction of object orientation by utilizing three input views
(Iori, Irot, Iflp), following H2RBox-v2 [48]. Additionally, the
OLB utilizes these orientation predictions for our symmet-
ric prior angle (SPA) loss, which leverages the inherent left-
right symmetry of objects in aerial images. The SPA loss
enforces to further adjust the orientations of the predicted
RBoxes to be aligned with the orientations of the symmet-
ric objects such as airplanes, ships, ground track fields etc.

3.2. Adaptive Bounding Box Scaling Module

In Fig. 2, ‘Scale Learning Branch’ illustrates the concep-
tual process of our adaptive bounding box scaling module
(ABBS) module. In HBox-supervised OOD learning, the
predicted RBoxes (RBpred) must be compared with the GT
HBoxes (HBgt). Since they cannot be directly compared,
RBpred is first converted to HBpred, defined as the minimum
circumscribed HBox of RBpred as:

HBpred = MCR(RBpred), (1)

where MCR(·) is an operator converting RB to the mini-
mum circumscribed HB, allowing HBpred to be compared
with HBgt. HBpred and RBpred are given by:

RBpred = [xpred
rb , ypred

rb , wpred
rb , hpred

rb , θpred
rb ],

HBpred = [xpred
hb , ypred

hb , wpred
hb , hpred

hb ],
(2)

where (xpred
rb , ypred

rb ) and (xpred
hb , ypred

hb ) are the centers of
RBpred and HBpred, respectively. The width w and height
h of HBpred can be computed as:

wpred
hb = wpred

rb | cos θpred
rb |+ hpred

rb | sin θpred
rb |,

hpred
hb = wpred

rb | sin θpred
rb |+ hpred

rb | cos θpred
rb |.

(3)

If RBopt is defined as the tightly surrounding object bound-
ary RBox with the precise orientation, then we have

(a) (c) 

(e)(d) (f) 

(b) 

Figure 3. Analysis of scale adjustment function (f(·)) based on
the shape and angle of objects. (a) rectangular shape, (b) rounded
rectangular shape, (c) complex shape, (d) horizontal orientation,
(e) slightly tilted orientation, (f) diagonal orientation. The cyan
solid box, green solid box and red dotted box represent GT T-
HBox, RBox and adjusted GT HBox, respectively.

HBopt = MCR(RBopt) for the ‘Predicted RBox Projection
Process’ block in the SLB of Fig. 2. When the size of HBgt

is larger or smaller than that of HBopt, the model needs to
adaptively adjust and find the optimal scale within a prede-
fined range of scale variations. We propose an ABBS mod-
ule that estimates RBopt by adaptively adjusting the scale of
HBgt. Notably, even if RBpred is accurately estimated, its
HBpred may not overlap well with HBgt, leading to a low
Intersection over Union (IoU) value. Enforcing HBpred to
match HBgt can cause a misalignment with RBpred because
HBgt may not be ideal in estimating RBopt. To address this,
our ABBS module adaptively scales and adjusts HBgt in the
context of RBpred, rather than forcing HBpred to match HBgt.

For the detailed explanation of our ABBS module, we first
define a set of scaled versions of HBgt for the ‘Scaled GT
HBoxes Generation Process’ in the SLB of Fig. 2 as:

HBgt
s = {HBgt

s,1,HBgt
s,2, · · · ,HBgt

s,K}, (4)

where HBgt
s,k is the k-th scaled version of HBgt and K is

the total number of scaled variations of HBgt. HBgt
S is de-

termined as the combinations of angle-adjusted width and
height scale factors, {s w

adj,i}
Ns
i=1 and {s h

adj,j}
Ns
j=1, that are trans-

formed from basic width and height scale factors,{s w
i }Ns

i=1

and {s h
j }

Ns
j=1 by considering angle prediction. Basic scale

factors are uniformly spaced in a predefined scale range as:

Sw = {s w
1 , s w

2 , · · · , s w
Ns
}, Sh = {s h

1 , s h
2 , · · · , s h

Ns
}, (5)

where Sw and Sh are the sets of basic width and height scale
factors, respectively. s w

i and s h
i are calculated as:

s w
i = s w

1 + (s w
Ns

− s w
1 )/(Ns − 1) · (i − 1),

s h
j = s h

1 + (s h
Ns

− s h
1 )/(Ns − 1) · (j − 1),

(6)
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where sw
Ns

= sh
Ns

is the predefined largest basic scale fac-
tor for both width and height of HBgt, and Ns is the num-
ber of uniform quantization for the both range [sw

1 ..sw
Ns

] and
[sh

1..sh
Ns

]. In order to generate HBgt
s,i, we transform the basic

width and height scale factors, {sw
i }

Ns
i=1 and {sh

j }
Ns
j=1, into

angle-adjusted width and height scale factors, {sw
adj,i}

Ns
i=1

and {sh
adj,j}

Ns
j=1, using the predicted angle θpred through the

scale adjustment function f :

s w
adj,i = f(θpred

rb , s w
i ), s h

adj,j = f(θpred
rb , s h

j ). (7)

To define f(·), it’s essential to consider the object types
and rotation angles. Fig. 3 shows the effect of scale ad-
justments on T-HBoxes for three object types: (i) For rect-
angular objects like tennis courts (Fig. 3-(a)), the adjusted
T-HBox (red dotted box) aligns precisely with the GT T-
HBox (cyan solid box) and tightly circumscribes the opti-
mal RBox (green solid box); (ii) For rounded rectangular
objects (Fig. 3-(b)), the optimal RBox slightly exceeds the
GT T-HBox; (iii) Complex shapes like airplanes (Fig. 3-(c))
show a larger discrepancy, with parts of the optimal RBox
lying outside the GT T-HBox. Furthermore, scale adjust-
ments also depend on rotation angles: (i) Fig. 3-(d) for a
vertically (or horizontally) aligned airplane, the GT T-HBox
and optimal RBox are identical; (ii) For Fig. 3-(e) with a
small rotation angle, they differ slightly; (iii) For Fig. 3-
(f) with a larger angle, the difference is more pronounced.
Therefore, to take the object’s shape types and orientation
degrees into account for the scale adjustment for the widths
and heights of T-HBoxes, f(·) in Eq. 7 is defined as:

f(θ, s) =

{
4
π (s − 1) · θ + 1, if 0 ≤ θ < π

4 ,
4
π (1− s) · θ + (2s− 1), if π

4 ≤ θ < π
2 ,

(8)

where the angle range is set to θ ∈ [0, π/2) due to the peri-
odicity of the angle. According to f(·) and Eq. 7, HBgt

s,k in
HBgt

s can be expressed as:

HBgt
s,k = [xgt, ygt,wgt · s w

adj,i, hgt · s h
adj,j], (9)

where (xgt, ygt) is the center point, and wgt and hgt are width
and height of HBgt. As shown in the ‘IoU Calculation’ and
‘Optimal Scale Learning’ blocks in the SLB of Fig. 2, HBopt

among {HBgt
s,k}K

k=1 can be determined which minimizes the
IoU loss for all proposals by an ABBS loss as:

Las =
1

Np

Np∑
l=1

min
swi ∈Sw,

shj ∈Sh

LIoU

(
HBpred

l ,HBgt,l
s,k (s

w
i , s

h
j )
)
, (10)

where Np is the total number of proposals for input I. HBpred
l

is HBpred for l-th proposal, and HBgt,l
s,k (s

w
i , s h

j ) is k-th scaled
HBgt, as HBgt

s,k, whose width and height are scaled for l-th
proposal according to Eq. 7 to Eq. 9. Finally, by adding a
regularization term using the IoU loss between HBpred and
non-scaled HBgt, we formed the regression loss as:

(𝑥𝑥,𝑦𝑦)
𝜃𝜃

Airplane

𝜃𝜃
(𝑥𝑥,𝑦𝑦)

Ship Tennis court

𝜃𝜃
(𝑥𝑥,𝑦𝑦)

𝜃𝜃

Vehicle

(𝑥𝑥,𝑦𝑦)

Figure 4. Examples of symmetric objects in aerial images. In
SPA loss, the x,y coordinates and angle θ are used to define the
symmetry axis, splitting the object into two parts for comparison.

Lreg = Las +α · (1/Np)
∑Np

l=1 LIoU

(
HBpred

l ,HBgt,l
)
, (11)

where α is a hyperparameter which is set to 0.01 by default.

3.3. Symmetric Prior Angle Loss

In aerial images, objects such as airplanes, ships, tennis
courts, and vehicles are often captured from top-down view-
points, where most of these objects exhibit symmetries in
their appearance, as shown in Fig. 4.

In the previous pipelines [42, 48], both the regression loss
associated with the bounding box’s center point, width, and
height, and the angle loss for accurate angle prediction were
trained in a balanced manner. However, they tended to in-
accurately predict the angles by maximizing the bounding
box’s IoUs at the same time. This issue stems from the fact
that, since the angles could not be directly supervised due
to the absence of angle annotations, the angles were indi-
rectly supervised from augmented views with rotations and
flips. This is problematic because, when the difference be-
tween two predicted angles for the same object in the origi-
nal view and its rotated view are equal to the rotation angle
applied for the original view, the angle loss is zero although
the predicted angles are inaccurate.

To mitigate such a predicted angle ambiguity, we propose a
symmetric prior angle (SPA) loss. Based on the SPA loss,
the model can be trained to predict precise angles by indi-
rectly utilizing the object’s symmetric characteristics. As
shown in Fig. 4, the detected objects are symmetric against
the symmetry axes (blue-dotted lines) passing the center
points of their RBoxes. That is, the pixel contents in the
two parts divided by the symmetry axis of the RBox are
compared in similarity whose difference is used as supervi-
sion for our SPA loss. It is noted that our SPA loss utilizes
only symmetric objects, incorporating the symmetry prior
from GT class labels for proposals identified as symmetric,
such as ‘airplane,’ ‘ship,’ ‘vehicle,’ and ‘tennis court’

To avoid applying the SPA loss when RBpred are inaccurate
for the respective objects, we first check the fidelity scores
of proposal, and sample the Top-k proposals as supervision
in the SPA loss as:
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{RBpred
n }Nspa

n=1 = Top-k
(
{RBpred

l }Np

l=1 | scicls + sciloc

)
(12)

where sc(i)cls and sc(i)loc are the classification and localization
scores for the l-th RBpred, and Np is the total number of
proposals. From Eq. 12, the selected Nspa proposals are
considered in the SPA loss by which the predicted angles of
RBpred (θpredrb ) are enforced to align with the orientations of
objects in the sense of maximizing the similarity, Structural
Similarity Index (SSIM [28]), between the pixel contents in
the two parts of each RBpred. It should be noted that, even
in cases where symmetric objects may not appear perfectly
symmetric due to contextual factors like shadows or asym-
metrical cargo arrangements, their symmetry is still main-
tained by the inherent structural symmetry between the two
parts. Our SPA loss is defined as:

LSPA = (1/Nspa)
∑Nspa

n=1

(
1− SSIM(I

(n)
p1 , I

(n)
p2 )

)
(13)

To remove the influence of object sizes in LSPA computation,
the proposals (RBpred) are projected onto a fixed-size grid
of 50 × 50. Then, the pixel content (Ip1) in one part of
the proposal’s projection is compared with that (Ip2) of the
other part that is flipped before the comparison.

3.4. Loss Functions

In the orientation learning branch (OLB), two angle-based
losses [48], Lrot and Lflp, are adopted to leverage the con-
sistency between the original, rotated, and flipped views of
each object proposal. For the rotated and flipped views, Lrot
and Lflp are computed by comparing with the predicted an-
gle θ in the original view (Iori):

Lrot = ls(θrot − θ,R),Lflp = ls(θflp + θ, 0), (14)

where ls denotes a smooth L1 loss-based snap loss [48], and
R denotes the angle applied to Iori. The final angle loss is:

Lang = β(λrLrot + λfLflp) + γLSPA, (15)

where λr = 1.0, λf = 0.05, β = 0.6, and γ = 0.05 are em-
pirically determined for all our experiments. In the shape
learning branch (SLB), we use our IoU-based [45] regres-
sion loss Lreg in Eq. 11. The overall loss is defined as:

Ltotal = λangLang + λregLreg + λcnLcn + λclsLcls (16)

where Lcn is the center-ness loss [24] , and Lcls is the clas-
sification loss based on the focal loss [20]. The weighting
factors, λang, λreg, λcn, and λcls are all set to 1.

4. Experiments
4.1. Datasets

We trained and tested all the methods across four different
datasets: DIOR [5, 13], DOTA-v1.0 [29], SIMD [9] and
NWPU VHR-10 [4], which are summarized in Table 1. The
details for the datasets and results for SIMD and NWPU are
described in Suppl.

Datasets # of Image # of # of Annotation
Images Widths Objects Classes Types

DIOR [13] 22,463 800 190,288 20 T-HBox
DIOR-R [5] 22,463 800 190,288 20 RBox
DOTA-v1.0 [29] 2,806 800 ∼ 4K 188,282 15 C-HBox, RBox
SIMD [9] 5,000 1024 45,096 15 T-HBox
NWPU VHR-10 [4] 800 ∼1000 3,775 10 T-HBox

Table 1. Characteristics of datasets used for experiments

4.2. Implementation Details

Our proposed ABBSPO pipeline adopts the FCOS [24]
detector as the baseline architecture, utilizing a ResNet-
50 [10] backbone and an FPN [15] neck, based on the
H2RBox-v2 [48] framework. To ensure fairness, all mod-
els are configured with the ResNet-50 [10] backbone and
trained for 12 epochs on NVIDIA RTX3090 GPUs.

4.3. Experimental Results

4.3.1 Quantitative Comparison

It should be noted that objects such as round-shaped pools
have orientation ambiguities regardless of their annotations
(RBoxes) [42]. In order to avoid confusion in orienta-
tion learning, annotations are modified as having horizon-
tal orientations if the objects belong to the following cate-
gories: (i) DIOR-R: ‘baseball field’, ‘chimney’, ‘golf field’,
‘stadium’, ‘storage tank’, ‘windmill’; and (ii) DOTA-v1.0:
‘baseball diamond’, ‘stadium’, ‘roundabout’. Accordingly,
their orientation learning is enforced to predict the horizon-
tal orientations, similar to previous works [42, 48].
Results on DIOR-R. Table 2 shows the OOD results. In ad-
dition to AP50 metric, we use 3-AP50 that focuses on the de-
tection performance of the three complex-shaped object cat-
egories: ‘airplane’ (APL), ‘expressway service area’ (ESA),
and ‘overpass’ (OP). As shown, our ABBSPO outperforms
all weakly supervised OOD methods. Especially, in terms
of 3-AP50, our ABBSPO is superior to the HBox-supervised
SOTA methods, H2RBox and H2RBox-v2, with large mar-
gins of average 12.9%-point and average 9.1%-point im-
provements. In overall AP50 performance, our ABBSPO
surpasses H2RBox by 5.13%-point and the H2RBox-v2 by
3.03%-point. It is noted that our ABBSPO not only sur-
passes our base detector (H2RBox-v2 [48]) but also per-
forms comparably to other RBox-supervised OOD meth-
ods, such as FCOS [24] and Oriented R-CNN [32]. It is
worth noting that, compared to the RBox-supervised OOD
methods, our ABBSPO shows even superior performance
with large margins from 6.5%-point to 11.7%-point, espe-
cially on the ‘airplane’ that has the most complex shape.
Notably, the ABBS module is less effective for rectangular
objects, such as ‘tennis court’ (TC) and ‘vehicle’ (VE), as
scaling is often unnecessary. However, it proves highly ben-
eficial for complex-shaped objects, such as the ESA. The
SPA loss is applied only to symmetric categories and helps
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Methods APL APO BF BC BR CH ESA ETS DAM GF GTF HA OP SH STA STO TC TS VE WM 3-AP50 AP50
S
R

RetinaNet [20] 59.8 19.3 69.7 81.3 17.2 72.7 68.7 49.4 18.4 69.5 71.3 33.3 34.1 75.8 67.1 59.6 81.0 44.1 38.0 62.5 54.20 54.64
FCOS [24] 62.1 37.9 74.6 81.2 32.9 72.1 75.3 61.8 27.4 69.1 78.7 34.4 50.6 80.1 68.6 68.1 81.3 49.1 43.4 64.5 62.67 60.66
Oriented R-CNN [32] 63.0 36.7 71.9 81.6 41.1 72.6 77.8 65.5 24.8 72.9 82.1 40.9 56.5 81.2 73.4 62.4 81.5 53.3 43.3 65.6 65.77 62.41
GWD [38] (RetinaNet) 61.5 23.6 73.6 81.1 17.4 72.7 68.3 47.2 20.7 71.2 73.2 33.9 34.3 77.6 64.7 57.5 80.9 42.1 39.7 60.2 54.70 55.07
KLD [39] (RetinaNet) 57.8 22.6 71.5 81.2 16.9 72.7 68.9 52.1 20.6 73.5 71.0 33.7 33.2 77.1 68.9 59.9 80.9 43.9 39.1 60.9 53.30 55.32
KFIoU [41] (RetinaNet) 60.6 36.6 73.6 80.9 27.0 72.6 73.4 56.5 25.4 73.9 72.0 32.9 45.8 75.8 65.2 57.6 80.0 48.0 40.1 58.8 59.93 57.84

S
I WSODet† [23] 20.7 29.0 63.2 67.3 0.2 65.5 0.4 0.1 0.3 49.0 28.9 0.3 1.5 1.2 53.4 16.4 40.0 0.1 6.1 0.1 7.53 22.20

S
P PointOBB† [17] 58.2 15.3 70.5 78.6 0.1 72.2 69.6 1.8 3.7 0.3 77.3 16.7 40.4 79.2 39.6 32.4 29.6 16.8 33.6 27.7 56.07 38.08

Point2RBox-SK [47] 41.9 9.1 62.9 52.8 10.8 72.2 3.0 43.9 5.5 9.7 25.1 9.1 21.0 24.0 20.4 25.1 71.7 4.5 16.1 16.3 21.97 27.26

S
H

H2RBox [42] 57.1 14.4 72.2 82.6 17.5 71.2 56.5 55.2 14 67.7 77.9 31 40.7 76.3 66.2 63.4 81.5 50.4 38 57.6 51.43 54.57
H2RBox-v2 [48] 55.5 17.8 76.9 80.5 27.7 72.2 63.0 58.6 24.4 73.9 80.3 33.9 47.2 77.4 58.7 60.9 81.4 48.1 41.1 53.9 55.23 56.67
ABBSPO (Ours) 69.5 15.7 76.2 87.5 29.9 72.3 75.3 61.2 28.1 74.1 81.7 34.7 48.2 79.3 67.4 61.4 81.5 54.7 41.5 53.8 64.33 59.70

Table 2. Quantitative results of each category on the DIOR-R [5] test dataset for RBox-supervised (SR), Image-supervised (SI ), Point-
supervised (SP ) and HBox-supervised (SH ) methods. The 3-AP50 represents the mean AP50 scores for three complex-shaped object
categories: ‘airplane’ (APL), ‘expressway service area’ (ESA), and ‘overpass’ (OP). The notation † indicates its results in the paper [17].

Methods PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC 3-AP50 AP50

S
R

RetinaNet [20] 87.5 75.1 39.9 59.6 66.3 66.3 78.2 90.5 55.0 62.7 47.1 63.6 59.4 55.1 43.0 61.87 63.3
FCOS [24] 88.8 74.0 46.8 59.1 70.1 81.4 87.7 90.7 67.7 68.3 60.2 66.1 64.9 58.7 44.0 63.83 68.6
Oriented R-CNN [32] 89.3 76.1 53.8 78.7 68.6 84.9 89.3 90.8 74.3 62.8 66.3 66.5 74.7 58.6 46.8 64.90 72.1
Oriented RepPoints[14] 89.7 80.1 50.5 74.4 75.0 82.0 88.7 90.4 64.0 70.0 45.7 60.6 73.6 60.4 42.8 64.30 69.86
GWD [38] (RetinaNet) 88.2 74.9 41.3 60.5 66.7 68.1 85.8 90.5 50.4 66.8 45.8 65.1 60.7 52.9 38.9 60.0 63.77
KLD [39] (RetinaNet) 88.4 75.8 41.4 60.0 66.1 68.8 84.7 90.6 56.8 60.4 50.4 70.1 60.0 50.5 45.7 61.53 64.65
KFIoU [41] (RetinaNet) 84.4 74.3 40.7 55.2 57.9 56.9 76.4 71.2 46.1 64.8 54.3 65.0 58.3 48.7 42.9 58.67 59.81

S
P PointOBB [17]+FCOS 32.4 67.3 0.8 53.6 2.3 9.7 18.8 0.3 9.9 12.8 0.5 54.0 11.0 34.1 11.4 25.97 21.26

Point2RBox-SK [47] 50.1 63.7 1.6 44.7 23.9 34.7 32.7 78.8 41.2 32.2 2.1 34.3 20.8 42.5 7.2 33.27 34.03

S
H

H2RBox [42] 89.5 73.1 37.3 55.1 70.7 76.4 85.4 90.3 66.5 67.3 59.6 64.9 60.6 57.9 36.5 61.30 66.07
H2RBox-v2 [48] 89.4 74.8 45.4 56.0 70.3 76.6 87.9 90.5 69.3 67.5 56.7 64.7 65.3 55.5 45.5 63.47 67.69
ABBSPO (Ours) 89.2 75.6 47.4 52.8 70.3 77.6 88.2 90.5 67.9 66.8 68.2 66.2 71.6 55.6 51.0 65.27 69.26

Table 3. Quantitative results of each category on the DOTA-v1.0 [29] validation dataset for SR, SI , SP and SH methods. The 3-AP50

represents the mean AP50 scores for three complex-shaped object categories: plane (PL), swimming pool (SP), and helicopter (HC). All
the methods are re-trained using only train dataset for fair comparison.

improve their performance, except for the categories with
orientation ambiguities, such as ‘storage tank’ (STO). Since
the predicted angles learned through the SPA loss are also
utilized in the ABBS module for scale adjustment, both the
SPA loss and the ABBS module jointly contribute to per-
formance improvement in symmetric categories. This joint
effect is particularly evident in complex-shaped symmetric
categories, such as APL and ESA, where performance gains
are more significant. Nevertheless, the performance gains
for the two symmetric and rectangular categories, TC and
VE, are marginal. This is mainly because the ABBS mod-
ule has limited impact on rectangular shapes, and the small
object sizes lead to an insufficient number of pixels for reli-
ably determining the symmetry axis via the SPA loss.
Results on DOTA-v1.0. Table 3 shows the detection per-
formance results on the DOTA-v1.0 [29]. Due to the non-
responsiveness of the DOTA evaluation server, we report
our experimental results on the validation dataset (458 im-
ages) instead of the test dataset (937 images). It should be
noted that the validation dataset was not used for training
all the methods for fair comparison. We use 3-AP50 that
measures the detection performance for the three complex-
shaped object categories: ‘plane’, ‘swimming pool’ and
‘helicopter’. Our ABBSPO achieves SOTA performance,
outperforming H2RBox by 3.19%-point and H2RBox-v2
by 1.57%-point improvements. Moreover, our ABBSPO

even surpasses the FCOS Baseline by 0.66%-point lift.

4.3.2 Qualitative Comparison

Results on DIOR. As shown in the figures of the first
row in Fig. 5, our ABBSPO is the only method that ac-
curately captures both the orientation and scale of the air-
plane. Since DIOR annotations provide GT in T-HBox for-
mat, direct usage of T-HBoxes as GT for training to predict
RBox leads to degradations in orientation and scale predic-
tion accuracy for the existing HBox-supervised OOD meth-
ods as shown in the figures of columns 2 and 3 in Fig. 5. In
contrast, our ABBSPO avoids such degradation by utiliz-
ing the ABBS module that optimally scales the GT HBox
sizes for precise RBox prediction during training. It is
also worthwhile to mention that the predicted orientations
by our ABBSPO are more precisely obtained via our SPA
loss. Furthermore, it should be noted that compared to the
RBox-supervised baseline method (Rotated FCOS [24]),
our approach demonstrates superior visual results, even un-
der weakly supervised learning.
Results on DOTA-v1.0. As shown in the figures of the sec-
ond row in Fig. 5, ABBSPO very accurately predicts both
the orientation and scale of the swimming pool, achieving
similar accuracy for tennis court. Interestingly, only ABB-
SPO successfully detects the two tennis courts that are par-
tially occluded by trees (red solid circle) while the other
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Module DIOR-R DOTA-v1.0

ABBS SPA 3-AP50 AP50 AP50

55.23 56.67 67.69
✓ 62.13 58.35 68.59

✓ 58.77 58.99 69.16
✓ ✓ 64.33 59.70 69.26

Table 4. Ablation results on ABBS module
and SPA loss (LSPA).

Sampling DIOR-R

LSPA Others 3-AP50 AP50

61.67 58.93
✓ 64.33 59.70

✓ 43.63 50.51
✓ ✓ 45.1 50.91

Table 5. Ablation results on proposal
sampling in LSPA and other components.

Scale Range DIOR-R DOTA-v1.0

Min Max Interval 3-AP50 AP50 AP50

0.9 1.1 0.05 57.97 58.15 69.26
0.5 1.5 0.1 61.67 59.62 68.8
1.0 1.5 0.1 64.33 59.70 68.9
1.0 2.0 0.1 56.07 55.46 66.55

Table 6. Ablation results on scale range in
ABBS module.

Rotated FCOS H2RBox H2RBox-v2 ABBSPO (Ours)

D
IO

R
D

O
TA

-v
1.

0

Figure 5. Qualitative results on DIOR [5, 13] and DOTA-v1.0 [29] . Zoom-in for better visualization. Rotated FCOS was trained only with
GT RBoxes, while H2RBox, H2RBox-v2 and our ABBSPO were trained with GT T-HBoxes (1st row) and GT C-HBoxes (2nd row).

methods failed. These results visually support the effec-
tiveness of our ABBS module and SPA loss in learning the
scales and orientations of objects accurately.

4.4. Ablation Studies

Ablation study on SPA loss and ABBS module. As shown
in Table 4, both components contribute to performance im-
provements. The ABBS module effectively scales the GT
HBoxes, leading to an increase in AP50 performance on the
DIOR dataset. Notably, it has a greater effect on complex-
shaped object categories, resulting in a significant improve-
ment in 3-AP50. Similarly, the SPA loss enhances angle pre-
diction accuracy, also bringing an improvement in AP50.
Ablation study on proposal sampling. As shown in Ta-
ble 5, applying Top-k proposal sampling exclusively to the
SPA loss (LSPA) yields the highest AP50 performance, as
the symmetric proposals of high-quality benefits LSPA. But,
additional proposal sampling to the others (Lrot, Lflp, Lreg,
Lcn, Lcls) significantly lowers the performance.
Ablation study on scale range in the ABBS module. As
shown in Table 6, the optimal scale range is influenced by
the type of GT HBoxes. For DIOR’s T-HBoxes, a scale
range of 1 to 1.5 works well because it ensures that the

predicted RBoxes fully cover the objects boundary. On the
other hand, for DOTA’s C-HBoxes, which are already close
to the optimal HBoxes, the optimal scale range is closer
to 1. By adjusting the scale range based on the type of
HBoxes, the ABBS module achieves high accuracy in pre-
dicting RBoxes for both datasets.

5. Conclusion
Our ABBSPO, a weakly supervised OOD framework, ef-
fectively learns RBox prediction regardless of the type of
HBox annotations (T-HBox and C-HBox). With our pro-
posed Adaptive Bounding Box Scaling (ABBS) and Sym-
metric Prior Angle (SPA) loss, we achieved enhanced ori-
entation and scale accuracy for OOD, which is compara-
ble to or even better than RBox-supervised methods. Ex-
tensive experimental results underscore the superiority of
our approach, surpassing state-of-the-art HBox-supervised
methods. Our method effectively bridges the gap between
weakly supervised OOD and fully supervised OOD, mak-
ing it a promising solution for applications requiring effi-
cient and accurate object detection via training with rela-
tively cheap annotations of HBoxes compared to RBoxes.
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