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Abstract
Boundary discontinuity and its inconsistency to
the final detection metric have been the bottle-
neck for rotating detection regression loss design.
In this paper, we propose a novel regression loss
based on Gaussian Wasserstein distance as a fun-
damental approach to solve the problem. Specif-
ically, the rotated bounding box is converted to
a 2-D Gaussian distribution, which enables to
approximate the indifferentiable rotational IoU
induced loss by the Gaussian Wasserstein dis-
tance (GWD) which can be learned efficiently
by gradient back-propagation. GWD can still be
informative for learning even there is no over-
lapping between two rotating bounding boxes
which is often the case for small object detec-
tion. Thanks to its three unique properties, GWD
can also elegantly solve the boundary discontinu-
ity and square-like problem regardless how the
bounding box is defined. Experiments on five
datasets using different detectors show the effec-
tiveness of our approach, and codes are available
at https://github.com/yangxue0827/
RotationDetection.

1. Introduction
Arbitrary-oriented objects are ubiquitous for detection
across visual datasets, such as aerial images (Yang et al.,
2018a; Jiao et al., 2018; Yang et al., 2018b; 2019), scene
text (Zhou et al., 2017; Liu et al., 2018; Jiang et al., 2017;
Ma et al., 2018; Liao et al., 2018b), faces (Shi et al., 2018)
and 3D objects (Zheng et al., 2020a), retail scenes (Chen
et al., 2020; Pan et al., 2020), etc. Compared with the large
literature on horizontal object detection (Girshick, 2015;
Ren et al., 2015; Dai et al., 2016; Lin et al., 2017a;b), re-
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Figure 1. Comparison of the detection results between Smooth L1
loss-based (left) and the proposed GWD-based (right) detector.

search in oriented object detection is relatively in its earlier
stage, with many open problems to solve.

The dominant line of works (Azimi et al., 2018; Ding et al.,
2019; Yang et al., 2019; 2021b) take a regression method-
ology to predict the rotation angle, which has achieved
state-of-the-art performance. However, compared with tra-
ditional horizontal detectors, the angle regression model
will bring new issues, as summarized as follows: i) the
inconsistency between metric and loss, ii) boundary discon-
tinuity, and iii) square-like problem. In fact, these issues
remain open without a unified solution, and they can largely
hurt the final performance especially at the boundary po-
sition, as shown in the left of Fig. 1. In this paper, we
use a two-dimensional Gaussian distribution to model an
arbitrary-oriented bounding box for object detection, and
approximate the indifferentiable rotational Intersection over
Union (IoU) induced loss between two boxes by calculating
their Gaussian Wasserstein Distance (GWD) (Chafaı̈, 2010).

GWD elegantly aligns model learning with the final detec-
tion accuracy metric, which has been a bottleneck and not
achieved in existing rotation detectors. Our GWD based
detectors are immune from both boundary discontinuity and
square-like problem, and this immunity is independent with
how the bounding box protocol is defined, as shown on the
right of Fig. 1. The highlights of this paper are four-folds:

i) We summarize three flaws in state-of-the-art rotation de-
tectors, i.e. inconsistency between metric and loss, boundary
discontinuity, and square-like problem, due to their regres-
sion based angle prediction nature.

ii) We propose to model the rotating bounding box distance
by Gaussian Wasserstein Distance (GWD) which leads to
an approximate and differentiable IoU induced loss. It re-
solves the loss inconsistency by aligning model learning

https://github.com/yangxue0827/RotationDetection
https://github.com/yangxue0827/RotationDetection
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with accuracy metric and thus naturally improves the model.

iii) Our GWD-based loss can elegantly resolve boundary
discontinuity and square-like problem, regardless how the
rotating bounding box is defined. In contrast, the design of
most peer works (Yang & Yan, 2020; Yang et al., 2021a) are
coupled with the parameterization of bounding box.

iv) Extensive experimental results on five public datasets
and two popular detectors show the effectiveness of our
approach. Source code will be made public available.

2. Related Work
In this paper, we mainly discuss the related work on rotating
object detection. Readers are referred to (Girshick, 2015;
Ren et al., 2015; Lin et al., 2017a;b) for more comprehensive
literature review on horizontal object detection.

Rotated object detection. As an emerging direction, ad-
vance in this area try to extend classical horizontal detectors
to the rotation case by adopting the rotated bounding boxes.
Compared with the few works (Yang & Yan, 2020) that treat
the rotation detection tasks an angle classification problem,
regression based detectors still dominate which have been
applied in different applications. For aerial images, ICN
(Azimi et al., 2018), ROI-Transformer (Ding et al., 2019),
SCRDet (Yang et al., 2019) and Gliding Vertex (Xu et al.,
2020) are two-stage representative methods whose pipeline
comprises of object localization and classification, while
DRN (Pan et al., 2020), R3Det (Yang et al., 2021b) and RS-
Det (Qian et al., 2021) are single-stage methods. For scene
text detection, RRPN (Ma et al., 2018) employ rotated RPN
to generate rotated proposals and further perform rotated
bounding box regression. TextBoxes++ (Liao et al., 2018a)
adopts vertex regression on SSD. RRD (Liao et al., 2018b)
further improves TextBoxes++ by decoupling classification
and bounding box regression on rotation-invariant and rota-
tion sensitive features, respectively. We discuss the specific
challenges in existing regressors for rotation detection.

Boundary discontinuity and square-like problems. Due
to the periodicity of angle parameters and the diversity of
bounding box definitions, regression-based rotation detec-
tors often suffer from boundary discontinuity and square-
like problem. Many existing methods try to solve part of the
above problems from different perspectives. For instance,
SCRDet (Yang et al., 2019) and RSDet (Qian et al., 2021)
propose IoU-smooth L1 loss and modulated loss to smooth
the the boundary loss jump. CSL (Yang & Yan, 2020) trans-
forms angular prediction from a regression problem to a
classification one. DCL (Yang et al., 2021a) further solves
square-like object detection problem introduced by the long
edge definition, which refers to rotation insensitivity issue
for instances that are approximately in square shape, which
will be detailed in Sec. 3. Instance segmentation-based

methods are practical, and relevant methods (e.g. Mask
OBB (Wang et al., 2019)) have been published. However,
this approach has its limitations. First, using rotated boxes
as binary masks will introduce background area, which will
reduce the classification accuracy of pixels and affect the
accuracy of the final prediction box. Secondly, for the top-
down methods (e.g. Mask RCNN (He et al., 2017)), dense
scenes will limit the detection of horizontal boxes because
of the excessive suppression of dense horizontal overlapping
bounding boxes due to NMS, thereby affecting subsequent
segmentation. Aerial images often show large scenes with
a large number of dense and small objects, which is not
suitable for the bottom-up methods, such as SOLO (Wang
et al., 2020b) and CondInst (Tian et al., 2020), which assign
different instances to different channels. This is the main
reason why regression-based rotation detection algorithms
still dominate in the field of aerial imagery.

Approximate differentiable rotating IoU loss. It has been
shown in classic horizontal detectors that the use of IoU
induced loss e.g. GIoU (Rezatofighi et al., 2019), DIoU
(Zheng et al., 2020b) can ensure the consistency of the final
detection metric and loss. However, these IoU loss cannot
be applied directly in rotation detection because the rotating
IoU is indifferentiable. Many efforts have been made to find-
ing an approximate IoU loss for gradient computing. The
approximate IoU loss proposed by PolarMask (Xie et al.,
2020) is also an effective design idea. However, its calcu-
lation is discrete, which means that there is a theoretical
calculation error and the number of discrete point samples
greatly affects the final calculation accuracy. PIoU (Chen
et al., 2020) is realized by simply counting the number of
pixels. To tackle the uncertainty of convex caused by rota-
tion, (Zheng et al., 2020a) proposes a projection operation
to estimate the intersection area. SCRDet (Yang et al., 2019)
combines IoU and smooth L1 loss to develop an IoU-smooth
L1 loss, which partly circumvents the need for differentiable
rotating IoU loss.

So far, there exists no truly unified solution to all the above
problems which are in fact interleaved to each other. Our
method addresses all these issues in a unified manner. It is
also decoupled from the specific definition of bounding box.
All these merits make our approach elegant and effective.

3. Rotated Object Regression Detector Revisit
To motivate this work, in this section, we introduce and ana-
lyze some deficiencies in state-of-the-art rotating detectors,
which are mostly based on angle regression.

3.1. Bounding Box Definition Specific Detector Design

Fig. 2 gives two popular definitions for parameterizing
rotating bounding box based angles: OpenCV protocol
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Figure 2. Two definitions of bounding boxes. Left: OpenCV Defi-
nition Doc, Right: Long Edge Definition Dle.

denoted by Doc, and long edge definition by Dle. Note
θ ∈ [−90◦, 0◦) of the former denotes the acute or right an-
gle between the hoc of bounding box and x-axis. In contrast,
θ ∈ [−90◦, 90◦) of the latter definition is the angle between
the long edge hle of bounding box and x-axis. The two
kinds of parameterization can be converted to each other:

Dle(hle, wle, θle) =

{
Doc(hoc, woc, θoc), hoc ≥ woc

Doc(woc, hoc, θoc + 90◦), otherwise

Doc(hoc, woc, θoc) =

{
Dle(hle, wle, θle), θle ∈ [−90◦, 0)

Dle(wle, hle, θle − 90), otherwise

The main difference refers to the edge and angle (h,w, θ):
when the same bounding box takes different representations
by the two definitions, the order of the edges is exchanged
and the angle difference is 90◦.

In many works, the pipeline design are tightly coupled with
the choice of the bounding box definition to avoid specific
problems: SCRDet (Yang et al., 2019), R3Det (Yang et al.,
2021b) are based on Doc to avoid the square-like problem,
while CSL (Yang & Yan, 2020), DCL (Yang et al., 2021a)
resort to Dle to avoid the exchangeability of edges (EoE).

3.2. Inconsistency between Metric and Loss

Intersection over Union (IoU) has been the standard metric
for both horizontal detection and rotation detection. How-
ever, there is an inconsistency between the metric and re-
gression loss (e.g. ln-norms), that is, a smaller training loss
cannot guarantee a higher performance, which has been
extensively discussed in horizontal detection (Rezatofighi
et al., 2019; Zheng et al., 2020b). This misalignment be-
comes more prominent in rotating object detection due to
the introduction of angle parameter in regression based mod-
els. To illustrate this, we use Fig. 3 to compare IoU induced
loss and smooth L1 loss (Girshick, 2015):

Case 1: Fig. 3(a) depicts the relation between angle differ-
ence and loss functions. Though they all bear monotonicity,
only smooth L1 curve is convex while the others are not.

(a) Angle difference case

(b) Aspect ratio case (c) Center shifting case

Figure 3. Behavior comparison of different loss in different cases.

Case 2: Fig. 3(b) shows the changes of the two loss func-
tions under different aspect ratio conditions. It can be seen
that the smooth L1 loss of the two bounding box are con-
stant (mainly from the angle difference), but the IoU loss
will change drastically as the aspect ratio varies.

Case 3: Fig. 3(c) explores the impact of center point shifting
on different loss functions. Similarly, despite the same
monotonicity, there is no high degree of consistency.

Seeing the above flaws of classic smooth L1 loss, IoU-
induced loss has become recently popular for horizontal
detection e.g. GIoU (Rezatofighi et al., 2019), DIoU (Zheng
et al., 2020b). It can help fill the gap between metric and
regression loss for rotating object detection. However, dif-
ferent from horizontal detection, the IoU of two rotating
boxes is indifferentiable for learning. In this paper, we
propose a differentiable loss based on Wasserstein distance
of two rotating boxes to replace the hard IoU loss. It is
worth mentioning that the Wasserstein distance function has
some unique properties to solve boundary discontinuity and
square-like problem, which will be detailed later.

3.3. Boundary Discontinuity and Square-Like Problem

As a standing issue for regression-based rotation detectors,
the boundary discontinuity (Yang et al., 2019; Yang & Yan,
2020) in general refers to the sharp loss increase at the
boundary induced by the angle and edge parameterization.

Specifically, Case 1-2 in Fig. 4 summarize the boundary
discontinuity. Take Case 2 as an example, we assume that
there is a red anchor/proposal (0, 0, 70, 10,−90◦) and a
green ground truth (0, 0, 10, 70,−25◦) at the boundary po-
sition1, both of which are defined in OpenCV definition

1The angle of the bounding box is close to the maximum and
minimum values of the angle range. For more clearly visualization,
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Figure 4. Boundary discontinuity under two bounding box definitions (top), and illustration of the square-like problem (bottom).

Doc. The upper right corner of Fig. 4 shows two ways to
regress from anchor/proposal to ground truth. The way1
achieves the goal by only rotating anchor/proposal by an
angle counterclockwise, but a very large smooth L1 loss
occurs at this time due to the periodicity of angle (PoA) and
the exchangeability of edges (EoE). As discussed in CSL
(Yang & Yan, 2020), this is because the result of the predic-
tion box (0, 0, 70, 10,−115◦) is outside the defined range.
As a result, the model has to make predictions in other com-
plex regression forms, such as rotating anchor/proposal by
an large angle clockwise to the blue box while scaling w
and h (way2 in Case 2). A similar problem (only PoA) also
occurs in the long edge definition Dle, as shown in Case 1.

In fact, when the predefined anchor/proposal and ground
truth are not in the boundary position, way1 will not produce
a large loss. Therefore, there exists inconsistency between
the boundary position and the non-boundary position regres-
sion, which makes the model very confused about in which
way it should perform regression. Since non-boundary cases
account for the majority, the regression results of models,
especially those with weaker learning capacity, are fragile
in boundary cases, as shown in the left of Fig. 1.

In addition, there is also a square-like object detection prob-
lem in the Dle-based method (Yang et al., 2021a). First of
all, the Dle cannot uniquely define a square bounding box.
For square-like objects2, Dle-based method will encounter

the ground truth has been rendered with a larger angle in Fig. 4.
2Many instances are in square shape. For instance, two cate-

high IoU but high loss value similar to the boundary dis-
continuity, as shown by the upper part of Case 3 in Fig. 4.
In way1, the red anchor/proposal (0, 0, 45, 44, 0◦) rotates a
small angle clockwise to get the blue prediction box. The
IoU of ground truth (0, 0, 45, 43,−60◦) and the prediction
box (0, 0, 45, 44, 30◦) is close to 1, but the regression loss
is high due to the inconsistency of angle parameters. There-
fore, the model will rotate a larger angle counterclockwise
to make predictions, as described by way2. The reason
for the square-like problem in Dle-based method is not the
above-mentioned PoA and EoE, but the inconsistency of
evaluation metric and loss. In contrast, the negative impact
of EoE will be weakened when we use Doc-based method
to detect square-like objects, as shown in the comparison
between Case 2 and the lower part of Case 3. Therefore,
there is no square-like problem in the Doc-based method.

Recent methods start to address these issues. SCRDet (Yang
et al., 2019) combines IoU and smooth L1 loss to propose
a IoU-smooth L1 loss, which does not require the rotat-
ing IoU being differentiable. It also solves the problem of
inconsistency between loss and metric by eliminating the
discontinuity of loss at the boundary. However, SCRDet still
needs to determine whether the predicted bounding box re-
sult conforms to the current bounding box definition method
before calculating the IoU. In addition, the gradient direc-
tion of IoU-Smooth L1 Loss is still dominated by smooth
L1 loss. RSDet (Qian et al., 2021) devises modulated loss

gories of storage-tank (ST) and roundabout (RA) in DOTA dataset.
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Figure 5. A schematic diagram of modeling a rotating bounding
box by a two-dimensional Gaussian distribution.

to smooth the loss mutation at the boundary, but it needs
to calculate the loss of as many parameter combinations
as possible. CSL (Yang & Yan, 2020) transforms angu-
lar prediction from a regression problem to a classification
problem. CSL needs to carefully design their method ac-
cording to the bounding box definition (Dle), and is limited
by the classification granularity with theoretical limitation
for high-precision angle prediction. On the basis of CSL,
DCL (Yang et al., 2021a) further solves the problem of
square-like object detection introduced by Dle.

4. The Proposed Method
In this section we introduce a new rotating object detector
whose regression loss fulfills the following requirements:

Requirement 1: highly consistent with the IoU induced
metrics (which also solves the square-like object problem);

Requirement 2: differentiable allowing for direct learning;

Requirement 3: smooth at angle boundary case.

4.1. Wasserstein Distance for Rotating Bounding Box

Most of the IoU-based loss can be considered as a distance
function. Inspired by this, we propose a new regression
loss based on Wasserstein distance. First, we convert a
rotating bounding box B(x, y, h, w, θ) into a 2-D Gaussian
distributionN (m,Σ) (see Fig. 5) by the following formula:

Σ1/2 =RSR>
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0 h

2

)(
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2
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(1)
where R represents the rotation matrix, and S represents
the diagonal matrix of eigenvalues.

The Wasserstein distance W between two probability mea-
sures µ and ν on Rn expressed as (Chafaı̈, 2010):

W(µ; ν) := inf E(‖X−Y‖22)1/2 (2)

where the inferior runs over all random vectors (X,Y) of
Rn ×Rn with X ∼ µ and Y ∼ ν. It turns out that we have
d := W(N (m1,Σ1);N (m2,Σ2)) and it writes as:

d2 = ‖m1 −m2‖22 + Tr
(
Σ1 + Σ2 − 2(Σ

1/2
1 Σ2Σ

1/2
1 )1/2

)
(3)

This formula has interested several works (Givens et al.,
1984; Olkin & Pukelsheim, 1982; Knott & Smith, 1984;
Dowson & Landau, 1982). Note in particular we have:
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(
(Σ

1/2
1 Σ2Σ
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(4)

In the commutative case (horizontal detection task)
Σ1Σ2 = Σ2Σ1, Eq. 3 becomes:

d2h =‖m1 −m2‖22 + ‖Σ
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1 −Σ
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2
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2

]>)
(5)

where ‖‖F is the Frobenius norm. Note that both boxes are
horizontal here, and Eq. 5 is approximately equivalent to
the l2-norm loss (note the additional denominator of 2 for w
and h), which is consistent with the loss commonly used in
horizontal detection. This also partly proves the correctness
of using Wasserstein distance as the regression loss. See
appendix for the detailed proof (Chafaı̈, 2010) of Eq. 3.

4.2. Gaussian Wasserstein Distance Regression Loss

Note that GWD alone can be sensitive to large errors. We
perform a nonlinear transformation f and then convert
GWD into an affinity measure 1

τ+f(d2) similar to IoU be-
tween two bounding boxes. Then we follow the standard
IoU based loss form in detection literature (Rezatofighi et al.,
2019; Zheng et al., 2020b), as written by:

Lgwd = 1− 1

τ + f(d2)
, τ ≥ 1 (6)

where f(·) denotes a non-linear function to transform the
Wasserstein distance d2 to make the loss more smooth and
expressive. The hyperparameter τ modulates the entire loss.

Fig. 3(a) plots the function curve under different different
combinations of f(·) and τ . Compared with the smooth
L1 loss, the curve of Eq. 6 is more consistent with the IoU
loss curve. Furthermore, we can find in Fig. 3(c) that GWD
still can measure the distance between two non-overlapping
bounding boxes (IoU=0), which is exactly the problem that
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GIoU and DIoU try to solve in horizontal detection. How-
ever, they cannot be applied for rotating detection.

Obviously, GWD has met the first two requirements in terms
of consistency and differentiability with IoU loss. To ana-
lyze Requirement 3, we first give basic properties of Eq. 1:

Property 1: Σ1/2(w, h, θ) = Σ1/2(h,w, θ − π
2 );

Property 2: Σ1/2(w, h, θ) = Σ1/2(w, h, θ − π);

Property 3: Σ1/2(w, h, θ) ≈ Σ1/2(w, h, θ− π
2 ), if w ≈ h.

From the two bounding box definitions recall that the conver-
sion between two definitions is, the two sides are exchanged
and the angle difference is 90◦. Many methods are des-
ignated inherently according to the choice of definition in
advance to solve some problems, such as Dle for EoE and
Doc for square-like problem. It is interesting to note that
according to Property 1, definition Doc and Dle are equiv-
alent for the GWD-based loss, which makes our method
free from the choice of box definitions. This does not mean
that the final performance of the two definition methods
will be the same. Different factors such as angle definition
and angle regression range will still cause differences in
model learning, but the GWD-based method does not need
to bind a certain definition method to solve the boundary
discontinuity and square-like problem.

GWD can also help resolve the boundary discontinuity and
square-like problem. The prediction box and ground truth
in way1 of Case 1 in Fig. 4 satisfy the following relation:
xp = xgt, yp = ygt, wp = hgt, hp = wgt, θp = θgt − π

2 .
According to Property 1, the Gaussian distribution corre-
sponding to these two boxes are the same (in the sense of
same mean m and covariance Σ), so it naturally eliminates
the ambiguity in box representation. Similarly, according to
Properties 2-3, the ground truth and prediction box in way1
of Case 1 and Case 3 in Fig. 4 are also the same or nearly
the same (note the approximate equal symbol for w ≈ h
for square-like boxes) Gaussian distribution. Through the
above analysis, we know GWD meets Requirement 3.

Overall, GWD is a unified solution to all the requirements
and its advantages in rotating detection can be summarized:

i) GWD makes the two bounding box definition methods
equivalent, which enables our method to achieve significant
improvement regardless how the bounding box is defined.

ii) GWD is a differentiable IoU loss approximation for rotat-
ing bounding box, which maintains a high consistency with
the detection metric. GWD can also measure the distance
between non-overlapping rotating bounding boxes and has
properties similar to GIoU and DIoU for the horizontal case.

iii) GWD inherently avoids the interference of boundary
discontinuity and square-like problem, so that the model
can learn in more diverse forms of regression, eliminate

the inconsistency of regression under boundary and non-
boundary positions, and reduce the learning cost.

4.3. Overall Loss Function Design

In line with (Yang & Yan, 2020; Yang et al., 2021a;b), we
use the one-stage detector RetinaNet (Lin et al., 2017b)
as the baseline. Rotated rectangle is represented by five
parameters (x, y, w, h, θ). In our experiments we mainly
follow Doc, and the regression equation is as follows:

tx = (x− xa)/wa, ty = (y − ya)/ha
tw = log(w/wa), th = log(h/ha), tθ = θ − θa
t∗x = (x∗ − xa)/wa, t∗y = (y∗ − ya)/ha
t∗w = log(w∗/wa), t

∗
h = log(h∗/ha), t

∗
θ = θ∗ − θa

(7)

where x, y, w, h, θ denote the box’s center coordinates,
width, height and angle, respectively. Variables x, xa, x∗

are for the ground-truth box, anchor box, and predicted box,
respectively (likewise for y, w, h, θ). The multi-task loss is:

L =
λ1

N

N∑
n=1

objn · Lgwd(bn, gtn) +
λ2

N

N∑
n=1

Lcls(pn, tn) (8)

where N indicates the number of anchors, objn is a binary
value (objn = 1 for foreground and objn = 0 for back-
ground, no regression for background). bn denotes the n-th
predicted bounding box, gtn is the n-th target ground-truth.
tn represents the label of n-th object, pn is the n-th proba-
bility distribution of various classes calculated by sigmoid
function. The hyper-parameter λ1, λ2 control the trade-off
and are set to {2, 1} by default. The classification loss Lcls
is set as the focal loss (Lin et al., 2017b).

5. Experiments
We use Tensorflow (Abadi et al., 2016) for implementation
on a server with Tesla V100 and 32G memory.

5.1. Datasets and Implementation Details

DOTA (Xia et al., 2018) is comprised of 2,806 large aerial
images from different sensors and platforms. Objects in
DOTA exhibit a wide variety of scales, orientations, and
shapes. Then, 188,282 instances are annotated by experts
using 15 categories. The short names for categories are
defined as (abbreviation-full name): PL-Plane, BD-Baseball
diamond, BR-Bridge, GTF-Ground field track, SV-Small
vehicle, LV-Large vehicle, SH-Ship, TC-Tennis court, BC-
Basketball court, ST-Storage tank, SBF-Soccer-ball field,
RA-Roundabout, HA-Harbor, SP-Swimming pool, and HC-
Helicopter. The fully annotated DOTA benchmark contains
188,282 instances, each of which is labeled by an arbitrary
quadrilateral. Half of the original images are randomly
selected as the training set, 1/6 as the validation set, and
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Table 1. Ablation test of GWD-based regression loss form and
hyperparameter on DOTA. The based detector is RetinaNet.

1− 1

(τ+f(d2))
τ = 1 τ = 2 τ = 3 τ = 5 d2

f(d2) = sqrt(d2) 68.56 68.93 68.37 67.77 49.11
f(d2) = log(d2 + 1) 67.87 68.09 67.48 66.49

1/3 as the testing set. We divide the images into 600× 600
subimages with an overlap of 150 pixels and scale it to
800×800. With all these processes, we obtain about 20,000
training and 7,000 validation patches.

UCAS-AOD (Zhu et al., 2015) contains 1,510 aerial images
of about 659 × 1, 280 pixels, with 2 categories of 14,596
instances. In line with (Azimi et al., 2018; Xia et al., 2018),
we sample 1,110 images for training and 400 for testing.

HRSC2016 (Liu et al., 2017) contains images from two
scenarios including ships on sea and ships close inshore. All
images are collected from six famous harbors. The training,
validation and test set include 436, 181 and 444 images,
respectively.

ICDAR2015 (Karatzas et al., 2015) is commonly used for
oriented scene text detection and spotting. This dataset
includes 1,000 training images and 500 testing images.

ICDAR 2017 MLT (Nayef et al., 2017) is a multi-lingual
text dataset, which includes 7,200 training images, 1,800
validation images and 9,000 testing images. The dataset is
composed of complete scene images in 9 languages, and
text regions in this dataset can be in arbitrary orientations,
being more diverse and challenging.

Experiments are initialized by ResNet50 (He et al., 2016) by
default unless otherwise specified. We perform experiments
on three aerial benchmarks and two scene text benchmarks
to verify the generality of our techniques. Weight decay
and momentum are set 0.0001 and 0.9, respectively. We
employ MomentumOptimizer over 8 GPUs with a total of
8 images per mini-batch (1 image per GPU). All the used
datasets are trained by 20 epochs in total, and learning rate
is reduced tenfold at 12 epochs and 16 epochs, respectively.
The initial learning rates for RetinaNet is 5e-4. The num-
ber of image iterations per epoch for DOTA, UCAS-AOD,
HRSC2016, ICDAR2015, and MLT are 54k, 5k, 10k, 10k,
10k and 10k respectively, and increase exponentially if data
augmentation and multi-scale training are used.

5.2. Ablation Study

Ablation test of GWD-based regression loss form and
hyperparameter: Tab. 1 compares two different forms
of GWD-based loss. The performance of directly using
GWD (d2) as the regression loss is extremely poor, only
49.11%, due to its rapid growth trend. In other words, the
regression loss d2 is too sensitive to large errors. In contrast,

Table 2. Ablation study for GWD on three datasets. ‘R’, ‘F’ and
‘G’ indicate random rotation, flipping, and graying, respectively.

METHOD BOX DEF. REG. LOSS DATASET DATA AUG. MAP50

RETINANET

Doc SMOOTH L1 HRSC2016
R+F+G

84.28
Doc GWD 85.56 (+1.28)
Doc SMOOTH L1 UCAS-AOD 94.56
Doc GWD 95.44 (+0.88)
Doc SMOOTH L1

DOTA F

65.73
Doc GWD 68.93 (+3.20)
Dle SMOOTH L1 64.17
Dle GWD 66.31 (+2.14)

R3DET
Doc SMOOTH L1 70.66
Doc GWD 71.56 (+0.90)

Table 3. Ablation study for GWD on two scene text datasets.
METHOD REG. LOSS DATASET DATA AUG. RECALL PRECISION HMEAN

RETINANET

SMOOTH L1 MLT
F

37.88 67.07 48.42
GWD 44.01 71.83 54.58 (+6.16)

SMOOTH L1

ICDAR2015

71.55 68.10 69.78
GWD 73.95 74.64 74.29 (+4.51)

SMOOTH L1 R+F 69.43 81.15 74.83
GWD 72.17 80.59 76.15 (+1.32)

R3DET

SMOOTH L1 F 69.09 80.30 74.28
GWD 70.00 82.15 75.59 (+1.31)

SMOOTH L1 R+F 71.69 79.80 75.53
GWD 73.95 80.50 77.09 (+1.56)

Table 4. Ablation study for training strategies and tricks on DOTA.
BACKBONE SCHEDULE MS MSC SWA ME RETINANET-GWD R3DET-GWD

R-101 30 X – 75.66
R-152 30 X – 76.18
R-152 40 X 74.22 –
R-152 60 74.09 77.57
R-152 60 X 75.18 78.44
R-152 60 X X 75.35 78.32
R-152 60 X X 75.94 78.92
R-152 60 X X X 76.30 79.08
R-152 60 X X X X 77.43 80.19

Table 5. High-precision detection experiment on HRSC206 data
set. The image resolution is 512, and data augmentation is used.

METHOD REG. LOSS AP50 AP60 AP75 AP85 AP50:95

RETINANET
SMOOTH L1 84.28 74.74 48.42 12.56 47.76

GWD 85.56 84.04 60.31 17.14 52.89 +(5.13)

R3DET
SMOOTH L1 88.52 79.01 43.42 4.58 46.18

GWD 89.43 88.89 65.88 15.02 56.07 +(9.89)

Eq. 6 achieves a significant improvement by fitting IoU
loss. Eq. 6 introduces two new hyperparameters, the non-
linear function f(·) to transform the Wasserstein distance,
and the constant τ to modulate the entire loss. From Tab.
1, the overall performance of using sqrt outperforms that
using log, about 0.98±0.3% higher. For f(·) = sqrt with
τ = 2, the model achieves the best performance, about
68.93%. All the subsequent experiments follow this setting
for hyperparameters unless otherwise specified.

Ablation test with different rotating box definitions: Tab.
2 compares the performance of RetinaNet under different
regression loss on DOTA, and both rotating box definitions:
Dle andDoc are tested. For the smooth L1 loss, the accuracy
of Dle-based method is 1.56% lower than Dle-based, at
64.17% and 65.73%, respectively. GWD-based method
does not need to be coupled with a certain definition to
solve boundary discontinuity or square-like problem, it has
increased by 2.14% and 3.20% under above two definitions.

Ablation test across datasets and detectors: We use two
detectors on five datasets to verify the effectiveness of GWD.
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Table 6. Comparison between different solutions for inconsistency between metric and loss (IML), boundary discontinuity (BD) and
square-like problem (SLP) on DOTA dataset. The X indicates that the method has corresponding problem. † and ‡ represent the large
aspect ratio object and the square-like object, respectively. The bold red and blue fonts indicate the top two performances respectively.

BASE DETECTOR METHOD BOX DEF. IML BD SLP TRANVAL/TEST TRAIN/VAL

EOE POA BR† SV† LV† SH† HA† ST‡ RA‡ 7-MAP50 MAP50 MAP50 MAP75 MAP50:95

RETINANET

- Doc X X X × 42.17 65.93 51.11 72.61 53.24 78.38 62.00 60.78 65.73 64.70 32.31 34.50
- Dle X X X X 38.31 60.48 49.77 68.29 51.28 78.60 60.02 58.11 64.17 62.21 26.06 31.49

IOU-SMOOTH L1 LOSS Doc X × × × 44.32 63.03 51.25 72.78 56.21 77.98 63.22 61.26 66.99 64.61 34.17 36.23
MODULATED LOSS Doc X × × × 42.92 67.92 52.91 72.67 53.64 80.22 58.21 61.21 66.05 63.50 33.32 34.61

CSL Dle X × × X 42.25 68.28 54.51 72.85 53.10 75.59 58.99 60.80 67.38 64.40 32.58 35.04
DCL (BCL) Dle X × × × 41.40 65.82 56.27 73.80 54.30 79.02 60.25 61.55 67.39 65.93 35.66 36.71

GWD Doc × × × × 44.07 71.92 62.56 77.94 60.25 79.64 63.52 65.70 68.93 65.44 38.68 38.71

R3DET
- Doc X X X × 44.15 75.09 72.88 86.04 56.49 82.53 61.01 68.31 70.66 67.18 38.41 38.46

DCL (BCL) Dle X × × × 46.84 74.87 74.96 85.70 57.72 84.06 63.77 69.70 71.21 67.45 35.44 37.54
GWD Doc × × × × 46.73 75.84 78.00 86.71 62.69 83.09 61.12 70.60 71.56 69.28 43.35 41.56

Table 7. AP on different objects and mAP on DOTA. R-101 denotes ResNet-101 (likewise for R-50, R-152), RX-101 and H-104 represent
ResNeXt101 (Xie et al., 2017) and Hourglass-104 (Newell et al., 2016). MS indicates that multi-scale training or testing is used.

METHOD BACKBONE MS PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC MAP50

T
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ICN (AZIMI ET AL., 2018) R-101 X 81.40 74.30 47.70 70.30 64.90 67.80 70.00 90.80 79.10 78.20 53.60 62.90 67.00 64.20 50.20 68.20
ROI-TRANS. (DING ET AL., 2019) R-101 X 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
CAD-NET (ZHANG ET AL., 2019) R-101 87.8 82.4 49.4 73.5 71.1 63.5 76.7 90.9 79.2 73.3 48.4 60.9 62.0 67.0 62.2 69.9
SCRDET (YANG ET AL., 2019) R-101 X 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
FADET (LI ET AL., 2019) R-101 X 90.21 79.58 45.49 76.41 73.18 68.27 79.56 90.83 83.40 84.68 53.40 65.42 74.17 69.69 64.86 73.28
GLIDING VERTEX (XU ET AL., 2020) 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
MASK OBB (WANG ET AL., 2019) RX-101 X 89.56 85.95 54.21 72.90 76.52 74.16 85.63 89.85 83.81 86.48 54.89 69.64 73.94 69.06 63.32 75.33
FFA (FU ET AL., 2020) R-101 X 90.1 82.7 54.2 75.2 71.0 79.9 83.5 90.7 83.9 84.6 61.2 68.0 70.7 76.0 63.7 75.7
APE (ZHU ET AL., 2020) RX-101 89.96 83.62 53.42 76.03 74.01 77.16 79.45 90.83 87.15 84.51 67.72 60.33 74.61 71.84 65.55 75.75
CENTERMAP (WANG ET AL., 2020A) R-101 X 89.83 84.41 54.60 70.25 77.66 78.32 87.19 90.66 84.89 85.27 56.46 69.23 74.13 71.56 66.06 76.03
CSL (YANG & YAN, 2020) R-152 X 90.25 85.53 54.64 75.31 70.44 73.51 77.62 90.84 86.15 86.69 69.60 68.04 73.83 71.10 68.93 76.17
RSDET-II (QIAN ET AL., 2021) R-152 X 89.93 84.45 53.77 74.35 71.52 78.31 78.12 91.14 87.35 86.93 65.64 65.17 75.35 79.74 63.31 76.34
SCRDET++ (YANG ET AL., 2020) R-101 X 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
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PIOU (CHEN ET AL., 2020) DLA-34 80.9 69.7 24.1 60.2 38.3 64.4 64.8 90.9 77.2 70.4 46.5 37.1 57.1 61.9 64.0 60.5
O2-DNET (WEI ET AL., 2020) H-104 X 89.31 82.14 47.33 61.21 71.32 74.03 78.62 90.76 82.23 81.36 60.93 60.17 58.21 66.98 61.03 71.04
P-RSDET (ZHOU ET AL., 2020) R-101 X 88.58 77.83 50.44 69.29 71.10 75.79 78.66 90.88 80.10 81.71 57.92 63.03 66.30 69.77 63.13 72.30
BBAVECTORS (YI ET AL., 2020) R-101 X 88.35 79.96 50.69 62.18 78.43 78.98 87.94 90.85 83.58 84.35 54.13 60.24 65.22 64.28 55.70 72.32
DRN (PAN ET AL., 2020) H-104 X 89.71 82.34 47.22 64.10 76.22 74.43 85.84 90.57 86.18 84.89 57.65 61.93 69.30 69.63 58.48 73.23
R3DET (YANG ET AL., 2021B) R-152 X 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
POLARDET (ZHAO ET AL., 2020) R-101 X 89.65 87.07 48.14 70.97 78.53 80.34 87.45 90.76 85.63 86.87 61.64 70.32 71.92 73.09 67.15 76.64
S2A-NET-DAL (MING ET AL., 2020) R-50 X 89.69 83.11 55.03 71.00 78.30 81.90 88.46 90.89 84.97 87.46 64.41 65.65 76.86 72.09 64.35 76.95
R3DET-DCL (YANG ET AL., 2021A) R-152 X 89.26 83.60 53.54 72.76 79.04 82.56 87.31 90.67 86.59 86.98 67.49 66.88 73.29 70.56 69.99 77.37
RDD (ZHONG & AO, 2020) R-101 X 89.15 83.92 52.51 73.06 77.81 79.00 87.08 90.62 86.72 87.15 63.96 70.29 76.98 75.79 72.15 77.75
S2A-NET (HAN ET AL., 2021) R-101 X 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
GWD (OURS) R-152 X 89.66 84.99 59.26 82.19 78.97 84.83 87.70 90.21 86.54 86.85 73.47 67.77 76.92 79.22 74.92 80.23

Table 8. Detection accuracy on HRSC2016.
METHOD BACKBONE MAP50 (07) MAP50 (12)

ROI-TRANS. (DING ET AL., 2019) R-101 86.20 –
RSDET (QIAN ET AL., 2021) R-50 86.50 –
DRN (PAN ET AL., 2020) H-104 – 92.70
CENTERMAP (WANG ET AL., 2020A) R-50 – 92.8
SBD (LIU ET AL., 2019) R-50 – 93.70
GLIDING VERTEX (XU ET AL., 2020) R-101 88.20 –
OPLD (SONG ET AL., 2020) R-101 88.44 –
BBAVECTORS (YI ET AL., 2020) R-101 88.6 –
S2A-NET (HAN ET AL., 2021) R-101 90.17 95.01
R3DET (YANG ET AL., 2021B) R-101 89.26 96.01
R3DET-DCL (YANG ET AL., 2021A) R-101 89.46 96.41
FPN-CSL (YANG & YAN, 2020) R-101 89.62 96.10
DAL (MING ET AL., 2020) R-101 89.77 –
R3DET-GWD (OURS) R-101 89.85 97.37

When RetinaNet is used as the base detector in Tab. 2,
the GWD-based detector is improved by 1.28%, 0.88%,
3.20%, 2.14% under three different aerial image datasets of
HRSC206, UCAS-AOD and DOTA, respectively. Note that
to increase the reliability of the results from small dataset,
the experiments of the first two datasets have involved ad-
ditional data augmentation, including random graying and
random rotation. The rotation detector R3Det (Yang et al.,
2021b) achieves the state-of-the-art performance on large-
scale DOTA. It can be seen that GWD further improves the
performance by 0.90%. Tab. 3 also gives ablation test on
two scene text datasets. There are a large number of objects

in the boundary position in scene text, so the GWD-based
RetinaNet has obtained a notable gain – increased by 6.16%
and 4.51% on the MLT and ICDAR2015 datasets, respec-
tively. Even with the use of data augmentation or a stronger
detector R3Det, GWD can still obtain a stable gain, with an
improvement range from 1.31% to 1.56%.

Ablation experiment of training strategies and tricks: In
order to further improve the performance of the model on
DOTA, we verified many commonly used training strategies
and tricks, including backbone, training schedule, multi-
scale training and testing (MS), stochastic weights averaging
(SWA) (Izmailov et al., 2018; Zhang et al., 2020), multi-
scale image cropping (MSC), model ensemble (ME), etc.
Tab. 4 demonstrates the improvement effects of various
techniques on the RetinaNet-GWD and R3Det-GWD, and
finally achieved top performances of 77.43% and 80.19%.

5.3. Further Comparison

High precision detection: The advantage of aligning detec-
tion metric and loss is that a higher precision prediction box
can be learned. Object with large aspect ratios are more sen-
sitive to detection accuracy, so we conduct high-precision
detection experiments on the ship dataset HRSC2016. It
can be seen in Tab. 5 that our GWD-based detector exhibits
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clear advantages under high IoU thresholds. Taking AP75

as an example, GWD has achieved improvement by 11.89%
and 22.46% on the two detectors, respectively. We also com-
pares the peer techniques, mainly including IoU-Smooth L1
Loss (Yang et al., 2019), Modulated loss (Qian et al., 2021),
CSL (Yang & Yan, 2020), and DCL (Yang et al., 2021a) on
DOTA validation set. As shown on the right of Tab. 6, the
GWD-based method achieves the highest performance on
mAP75 and mAP50:95, at 38.68% and 38.71%.

Comparison of techniques to solve the regression issues:
For the three issues of inconsistency between metric and
loss, boundary discontinuity and square-like problem, Tab.
6 compares the five peer techniques, including IoU-Smooth
L1 Loss, Modulated loss, CSL, and DCL on DOTA. For
fairness, these methods are all implemented on the same
baseline method, and are trained and tested under the same
environment and hyperparameters.

In particular, we detail the accuracy of the seven categories,
including large aspect ratio (e.g. BR, SV, LV, SH, HA)
and square-like object (e.g. ST, RD), which contain many
corner cases in the dataset. These categories are assumed
can better reflect the real-world challenges and advantages
of our method. Many methods that solve the boundary
discontinuity have achieved significant improvements in the
large aspect ratio object category, and the methods that take
into account the square-like problem perform well in the
square-like object, such as GWD, DCL and Modulated loss.

However, there is rarely a unified method to solve all prob-
lems, and most methods are proposed for part of prob-
lems. Among them, the most comprehensive method is
IoU-Smooth L1 Loss. However, the gradient direction of
IoU-Smooth L1 Loss is still dominated by smooth L1 loss,
so the metric and loss cannot be regarded as truly consistent.
Besides, IoU-Smooth L1 Loss needs to determine whether
the prediction box is within the defined range before cal-
culating IoU at the boundary position, Otherwise, it needs
to convert to the same definition as ground truth. In con-
trast, due to the three unique properties of GWD, it need to
make additional judgments to elegantly solve all problems.
From Tab. 6, GWD outperforms on most categories. For the
seven listed categories (7-mAP) and overall performance
(mAP), GWD-based methods are also the best. Fig. 1 visu-
alizes the comparison between Smooth L1 loss-based and
GWD-based detector.

5.4. Overall Comparison

Results on DOTA: Due to the complexity of the aerial
image and the large number of small, cluttered and rotated
objects, DOTA is a very challenging dataset. We compare
the proposed approach with other state-of-the-art methods
on DOTA, as shown in Tab. 7. Since different methods
use different image resolution, network structure, training

strategies and various tricks, we cannot make absolutely fair
comparisons. In terms of overall performance, our method
has achieved the best performance so far, at around 80.23%.

Results on HRSC2016: The HRSC2016 contains lots of
large aspect ratio ship instances with arbitrary orientation,
which poses a huge challenge to the positioning accuracy of
the detector. Experimental results at Tab. 8 shows that our
model achieves state-of-the-art performances, about 89.85%
and 97.37% in term of 2007 and 2012 evaluation metric.

6. Conclusion
This paper has presented a Gaussian Wasserstain distance
based loss to model the deviation between two rotating
bounding boxes for object detection. The designated loss
directly aligns with the detection accuracy and the model
can be efficiently learned via back-propagation. More im-
portantly, thanks to its three unique properties, GWD can
also elegantly solve the boundary discontinuity and square-
like problem regardless how the bounding box is defined.
Experimental results on extensive public benchmarks show
the state-of-the-art performance of our detector.
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