






Figure 3: Illustration of midpoint offset representation. (a)
The schematic diagram of midpoint offset representation.
(b) An example of midpoint offset representation.

in the representation of oriented objects. Under this circum-
stance, we design a new and simple representation scheme
of oriented objects, called midpoint offset representation.

3.1.1 Midpoint Offset Representation

We propose a novel representation scheme of oriented ob-
jects, named midpoint offset representation, as shown in
Figure 3. The black dots are the midpoints of each side
of the horizontal box, which is the external rectangle of the
oriented bounding box O. The orange dots stand for the ver-
texes of the oriented bounding box O.

Specifically, we use an oriented bounding box O with six
parameters O = (x, y, w, h,∆α,∆β) to represent an object
computed by Equation (1). Through the six parameters, we
can obtain the coordinate set v = (v1,v2,v3,v4) of four
vertexes for each proposal. Here, ∆α is the offset of v1
with respect to the midpoint (x, y − h/2) of the top side of
the horizontal box. According to the symmetry, −∆α rep-
resents the offset of v3 with respect to the bottom midpoint
(x, y+ h/2). ∆β stands for the offset of v2 with respect to
the right midpoint (x + w/2, y), and −∆β is the offset of
v4 with respect to the left midpoint (x−w/2, y). Thus, the
coordinates of four vertexes can be expressed as follows.

v1 = (x, y − h/2) + (∆α, 0)
v2 = (x+ w/2, y) + (0,∆β)
v3 = (x, y + h/2) + (−∆α, 0)
v4 = (x− w/2, y) + (0,−∆β)

(2)

With the representation manner, we implement the re-
gression for each oriented proposal through predicting the
parameters (x, y, w, h) for its external rectangle and infer-
ring the parameters (∆α,∆β) for its midpoint offset.

3.1.2 Loss Function

To train oriented RPN, the positive and negative samples
are defined as follows. First, we assign a binary label
p∗ ∈ {0, 1} to each anchor. Here, 0 and 1 mean that the an-
chor belongs to positive or negative sample. To be specific,

Figure 4: The illustration of box-regression parameteriza-
tion. Black dots are the midpoints of the top and right sides,
and orange dots are the vertexes of the oriented bounding
box. (a) Anchor. (b) Ground-truth box. (c) Predicted box.

we consider an anchor as positive sample under one of the
two conditions: (i) an anchor having an Intersection-over-
Union (IoU) overlap higher than 0.7 with any ground-truth
box, (ii) an anchor having the highest IoU overlap with a
ground-truth box and the IoU is higher than 0.3. The an-
chors are labeled as negative samples when their IoUs are
lower than 0.3 with ground-truth box. The anchors that are
neither positive nor negative are considered as invalid sam-
ples, which are ingnored in the training process. It is worth
noting that the above-mentioned ground-truth boxes refer to
the external rectangles of oriented bounding boxes.

Next, we define the loss function L1 as follows:

L1 =
1

N

N∑
i=1

Fcls (pi, p
∗
i ) +

1

N
p∗i

N∑
i=1

Freg (δi, t
∗
i ) (3)

Here, i is the index of the anchors and N (by default
N=256) is the total number of samples in a mini-batch. p∗i
is the ground-truth label of the i-th anchor. pi is the output
of the classification branch of oriented RPN, which denotes
the probability that the proposal belongs to the foreground.
t∗i is the supervision offset of the ground-truth box relative
to i-th anchor, which is a parameterized 6-dimensional vec-
tor t∗i =

(
t∗x, t

∗
y, t

∗
w, t

∗
h, t

∗
α, t

∗
β

)
from the regression branch

of oriented RPN, denoting the offset of the predicted pro-
posal relative to the i-th anchor. Fcls is the cross entropy
loss. Freg is the Smooth L1 loss. For box regression (see
Figure 4), we adopt the affine transformation, which is for-
mulated as follows:

δα = ∆α/w, δβ = ∆β/h
δw = log (w/wa) , δh = log (h/ha)
δx = (x− xa) /wa, δy = (y − ya) /ha

t∗α = ∆αg/wg, t∗β = ∆βg/hg

t∗w = log (wg/wa) , t∗h = log (hg/ha)
t∗x = (xg − xa) /wa, t∗y = (xg − xa) /ha

(4)

where (xg, yg), wg and hg are the center coordinate, width,
and height of external rectangle, respectively. ∆αg and
∆βg are the offsets of the top and right vertexes relative
to the midpoints of top and left sides.
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Figure 8: Examples of detection results on the HRSC2016 dataset using oriented R-CNN with R-50-FPN backbone. The
oriented bounding boxes whose scores are higher than 0.3 are shown.

Method Backbone PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP

One-stage

RetinaNet-O† R-50-FPN 88.67 77.62 41.81 58.17 74.58 71.64 79.11 90.29 82.18 74.32 54.75 60.60 62.57 69.67 60.64 68.43

DRN [28] H-104 88.91 80.22 43.52 63.35 73.48 70.69 84.94 90.14 83.85 84.11 50.12 58.41 67.62 68.60 52.50 70.70

R3Det [39] R-101-FPN 88.76 83.09 50.91 67.27 76.23 80.39 86.72 90.78 84.68 83.24 61.98 61.35 66.91 70.63 53.94 73.79

PIoU [4] DLA-34 80.90 69.70 24.10 60.20 38.30 64.40 64.80 90.90 77.20 70.40 46.50 37.10 57.10 61.90 64.00 60.50

RSDet [30] R-101-FPN 89.80 82.90 48.60 65.20 69.50 70.10 70.20 90.50 85.60 83.40 62.50 63.90 65.60 67.20 68.00 72.20

DAL [27] R-50-FPN 88.68 76.55 45.08 66.80 67.00 76.76 79.74 90.84 79.54 78.45 57.71 62.27 69.05 73.14 60.11 71.44

S2ANet [12] R-50-FPN 89.11 82.84 48.37 71.11 78.11 78.39 87.25 90.83 84.90 85.64 60.36 62.60 65.26 69.13 57.94 74.12

two-stage

ICN [1] R-101-FPN 81.36 74.30 47.70 70.32 64.89 67.82 69.98 90.76 79.06 78.20 53.64 62.90 67.02 64.17 50.23 68.16

Faster R-CNN-O† R-50-FPN 88.44 73.06 44.86 59.09 73.25 71.49 77.11 90.84 78.94 83.90 48.59 62.95 62.18 64.91 56.18 69.05

CAD-Net [44] R-101-FPN 87.80 82.40 49.40 73.50 71.10 63.50 76.60 90.90 79.20 73.30 48.40 60.90 62.00 67.00 62.20 69.90

RoI Transformer [7] R-101-FPN 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 [41] R-101-FPN 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

RoI Transformer+ R-50-FPN 88.65 82.60 52.53 70.87 77.93 76.67 86.87 90.71 83.83 82.51 53.95 67.61 74.67 68.75 61.03 74.61

Gliding Vertex [37] R-101-FPN 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

FAOD [19] R-101-FPN 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

CenterMap-Net [35] R-50-FPN 88.88 81.24 53.15 60.65 78.62 66.55 78.10 88.83 77.80 83.61 49.36 66.19 72.10 72.36 58.70 71.74

FR-Est [9] R-101-FPN 89.63 81.17 50.44 70.19 73.52 77.98 86.44 90.82 84.13 83.56 60.64 66.59 70.59 66.72 60.55 74.20

Mask OBB [34] R-50-FPN 89.61 85.09 51.85 72.90 75.28 73.23 85.57 90.37 82.08 85.05 55.73 68.39 71.61 69.87 66.33 74.86

Ours

Oriented R-CNN R-50-FPN 89.46 82.12 54.78 70.86 78.93 83.00 88.20 90.90 87.50 84.68 63.97 67.69 74.94 68.84 52.28 75.87

Oriented R-CNN R-101-FPN 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

Oriented R-CNN‡ R-50-FPN 89.84 85.43 61.09 79.82 79.71 85.35 88.82 90.88 86.68 87.73 72.21 70.80 82.42 78.18 74.11 80.87
Oriented R-CNN‡ R-101-FPN 90.26 84.74 62.01 80.42 79.04 85.07 88.52 90.85 87.24 87.96 72.26 70.03 82.93 78.46 68.05 80.52

Table 2: Comparison with state-of-the-art methods on the DOTA dataset. † means the results from AerialDetection (the same
below). ‡ denotes multi-scale training and testing.

DOTA dataset, we crop the original images into 1024×1024
patches. The stride of cropping is set to 824, that is, the
pixel overlap between two adjacent patches is 200. With re-
gard to multi-scale training and testing, we first resize the
original images at three scales (0.5, 1.0 and 1.5) and crop
them into 1024×1024 patches with the stride of 524. We
train oriented R-CNN with 12 epochs. The initial learning
rate is set to 0.005 and divided by 10 at epoch 8 and 11.
The ploy NMS threshold is set to 0.1 when merging image
patches.

For the HRSC2016 dataset, we do not change the aspect
ratios of images. The shorter sides of the images are resized
to 800 while the longer sides are less than or equal to 1333.
During training, 36 epochs are adopted. The initial learning
rate is set to 0.005 and divided by 10 at epoch 24 and 33.

4.3. Evaluation of Oriented RPN

We evaluate the performance of oriented RPN in terms
of recall. The results of oriented RPN are reported on the
DOTA validation set, and ResNet-50-FPN is used as the
backbone. To simplify the process, we just calculate the
recall based on the patches cropped from original images,
without merging them. The IoU threshold with ground-
truth boxes is set to 0.5. We respectively select top-300,
top-1000, and top-2000 proposals from each image patch
to report their recall values, denoted as R300, R1000, and
R2000. The results are presented in Table 1. As can be seen,
our oriented RPN can achieve the recall of 92.80% when
using 2000 proposals. The recall drops very slightly (0.6%)
when the number of proposals changes from 2000 to 1000,
but it goes down sharply when using 300 proposals. There-
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