
Fourier Angle Alignment for Oriented Object Detection in Remote Sensing

Supplementary Material

This supplementary material provides more details and
results that are not included in the main paper due to space
limitations. The contents are organized as follows:
• Section S1 exhibits the detailed proof of fourier rotation

equivariance, including the steps left out;
• Section S2 gives comparison results on more backbones;
• Section S3 shows ablation experiments on parameter set-

tings for our two modules, FAAFusion and FAA Head.
• Section S4 shows visualization results.

S1. Detailed Mathematical Proof
Suppose I(x) denotes a 2D signal in the spatial domain. Its
Fourier Transform is defined as:

F (ω) = F{I(x)} =

∫
R2

I(x) e−j2πω⊺x dx, (1)

where ω = (u, v)⊺ ∈ R2 denotes the frequency-domain
coordinate. Next, consider rotating I counterclockwise by
an angle ϕ around the origin. The rotated image is given by

Iϕ(x) = I(R−ϕx), (2)

where Rϕ is the standard 2D rotation matrix:

Rϕ =

[
cosϕ − sinϕ
sinϕ cosϕ

]
. (3)

Note that R−ϕ = R⊺
ϕ, since rotation matrices are or-

thogonal. Let Fϕ(ω) denotes the Fourier Transform of the
rotated signal Iϕ. By definition,

Fϕ(ω) = F{Iϕ(x)} =

∫
R2

I(R−ϕx) e
−j2πω⊺x dx. (4)

Now we perform a change of variables to simplify the
integral. Define a new variable

u = R−ϕx. (5)

Since R−ϕ is invertible (in fact, orthogonal), we can
solve for x as

x = Rϕu, (6)

because Rϕ = (R−ϕ)
−1 = R⊺

−ϕ.
The Jacobian matrix of the transformation x → u is

R−ϕ, and its determinant is

det(R−ϕ) = cos2 ϕ+ sin2 ϕ = 1. (7)

Therefore, the differential element is invariant under this
rotation:

dx = |det(Rϕ)| du = du. (8)

Substituting x = Rϕu and dx = du into the expression
for Fϕ(ω), we obtain

Fϕ(ω) =

∫
R2

I(u) e−j2πω⊺(Rϕu) du. (9)

Now consider the exponent term ω⊺(Rϕu). Using the
fundamental identity for transposes of matrix-vector prod-
ucts,

(Ab)⊺ = b⊺A⊺, (10)

we can rewrite the scalar product as follows:

ω⊺(Rϕu) = (ω⊺Rϕ)u

= (R⊺
ϕω)⊺u.

(11)

Thus, the exponential becomes

e−j2πω⊺(Rϕu) = e−j2π(R⊺
ϕω)⊺u. (12)

Plugging this back into the integral yields

Fϕ(ω) =

∫
R2

I(u) e−j2π(R⊺
ϕω)⊺u du. (13)

But the right-hand side is precisely the definition of the
Fourier Transform of I evaluated at the frequency R⊺

ϕω.
Therefore,

Fϕ(ω) = F (R⊺
ϕω). (14)

Finally, using the orthogonality of rotation matrices
(R⊺

ϕ = R−ϕ), we conclude:

Fϕ(ω) = F (R−ϕω). (15)

This result demonstrates that rotating the 2D spatial-
domain signal by angle ϕ counterclockwise induces an
identical counterclockwise rotation of its Fourier spectrum.
Hence, the 2D Fourier Transform is equivariant with re-
spect to planar rotations.

S2. More Experiments on Backbone
In the main paper, we used three representative backbones
to show that our method works well. To prove that our
method is widely applicable and easy to use with different
models, we test it on more backbones in this section. We
use ResNet18 [3], ResNet34 [3], ResNet101 [3], and Swin-
Transformer [5]. We train and test on DOTA-v1.0 [2] using
the same implementation settings as the main paper.

As shown in Table S1, our method improves perfor-
mance on all these four backbones. Among these methods
using Swin-Transformer [5] as the backbone, our method



Table S1. Results with more backbones on DOTA-v1.0 [2] dataset with single scale training and testing.

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

O-RCNN [6] ResNet18 89.36 80.89 51.27 72.47 77.77 81.22 87.58 90.90 87.47 83.53 58.13 63.09 67.91 69.79 50.27 74.11
O-RCNN [6] + ours ResNet18 89.42 81.04 51.14 71.83 77.75 81.87 87.65 90.90 87.29 84.54 59.73 59.84 72.37 68.88 56.00 74.68

O-RCNN [6] ResNet34 89.16 83.71 52.76 70.85 78.19 81.81 87.68 90.90 86.80 84.94 63.64 62.35 73.74 70.37 49.55 75.10
O-RCNN [6] + ours ResNet34 89.16 82.84 53.15 76.17 77.34 81.86 87.87 90.90 87.42 84.80 62.86 63.96 73.61 69.47 54.09 75.70

O-RCNN [6] ResNet101 89.13 81.86 54.75 73.72 78.26 78.24 87.55 90.89 86.01 84.45 64.62 66.51 75.58 68.23 49.65 75.30
O-RCNN [6] + ours ResNet101 88.95 85.06 53.84 72.04 78.47 77.85 87.99 90.90 86.00 84.79 63.60 68.00 75.88 69.62 52.31 75.69

O-RCNN [6] Swin-T 89.22 83.26 54.15 75.52 78.94 84.59 88.14 90.90 87.46 86.38 66.09 65.73 75.13 71.05 64.04 77.37
O-RCNN [6] + ours Swin-T 89.45 84.24 54.12 76.81 79.28 84.30 88.19 90.90 87.86 86.20 67.69 66.91 76.04 71.70 63.74 77.83

outperforms the previous state-of-tha-art method RoI Trans-
former [1] by 0.32% and also outperforms the latest method
ReDiffDet [7] by 1.21%. Our method works well on
both CNN-based and Transformer-based backbones, which
shows that our method is widely applicable.

S3. Futher Analysis
In the main paper, we used fixed parameter settings without
explaining the reason. In this section, we test different set-
tings for FAAFusion and FAA Head, and analyze how these
settings affect performance. To test the effectiveness more
conveniently, we use the train set of the DOTA-v1.0[2]
dataset for training and the val set for testing.

S3.1. Settings of FAAFusion
Our FAAFusion is a module used in the Feature Pyramid
Network (FPN) [4] to combine low-level and high-level fea-
tures. First, FAAFusion takes two inputs: low-level features
and upsampled high-level features. Both have 256 channels.
To reduce computation, we use a 1×1 convolution to reduce
the channel number to middle dimension. Then, we use un-
fold to extract local patches with a sliding window. Each
patch pair contains one low-level patch and one high-level
patch, matched one-to-one. We apply FFT to each patch
pair and estimate the main direction for both low-level and
high-level patches. Then we rotate the high-level patch to
match the direction of the low-level patch. After alignment,
we use fold to put all aligned high-level patches back into
a full feature map, with a 1 × 1 convolution to increase the
channel dimension to 256. We add the original (unaligned)
high-level features as a residual connection to the aligned
ones. Then we add this final high-level feature element-
wise to the low-level feature to get the fused output.

In this process, three points are worth discussing: the
value of middle dimension, the size of the sliding window
in unfold and where in the FPN [4] we apply FAAFusion.

About the middle dimension. For the intermediate di-
mension, we want to reduce computation while keeping ac-
curacy as high as possible. We test four values: 32, 64, 90,

Table S2. Comparisons among different middle dimension of our
FAAFusion. Baseline means the original result without FAAFu-
sion. The FAAFusion is applied within the Oriented R-CNN [6]
framework. All the models are retrained and tested on a single
RTX 3090. The Params and FLOPs are calculated with MMRo-
tate [8] toolbox.

Mid-dim Backbone #Params↓ #FLOPs↓ mAP↑
Baseline ResNet50[3] 41.14M 211.43G 71.7

32 ResNet50[3] 45.87M 213.44G 71.8

64 ResNet50[3] 45.88M 214.25G 72.7

90 ResNet50[3] 45.93M 217.17G 72.5

128 ResNet50[3] 45.96M 219.08G 72.6

Table S3. Comparisons among different kernel size of our FAA-
Fusion unfolding window. The FAAFusion is applied within the
Oriented R-CNN [6] framework. All the models are retrained and
tested on a single RTX 3090. The Params and FLOPs are calcu-
lated with MMRotate [8] toolbox.

Kernel size Backbone #Params↓ #FLOPs↓ mAP↑
3× 3 ResNet50[3] 45.88M 214.22G 71.8

5× 5 ResNet50[3] 45.88M 214.24G 71.9

7× 7 ResNet50[3] 45.88M 214.25G 72.7

9× 9 ResNet50[3] 45.88M 214.27G 72.5

and 128. We report mAP value, along with the number of
parameters and FLOPs. As shown in Table S2, compared
to the baseline, when the middle dimension is 32, the im-
provement is small. When the middle dimension is 64, 90,
or 128, the results are similar and all show clear improve-
ment over the baseline. Considering computation cost, we
choose 64 as the middle dimension in the main paper.

About the kernel size of the unfolding window. We test
kernel sizes of 3, 5, 7, and 9. We record the number of pa-
rameters, FLOPs, and mAP for each. As shown in Table S3,



Table S4. Comparisons among different locations of our FAAFu-
sion. ✔ denotes replacing element-wise add with FAAFusion. The
FAAFusion is applied within the Oriented R-CNN [6] framework.
All the models are retrained and tested on a single RTX 3090. The
Params and FLOPs are calculated with MMRotate [8] toolbox.

P3 → P2 P4 → P3 P5 → P4 #Params↓ #FLOPs↓ mAP↑
✘ ✘ ✘ 41.14M 211.43G 71.7

✔ ✘ ✘ 45.88M 214.25G 72.7

✔ ✔ ✘ 45.91M 214.65G 72.5

✔ ✔ ✔ 45.93M 214.75G 72.7

when the kernel size is 3 or 5, the window captures limited
texture and direction information, so the results are close to
the baseline. When the kernel size is 7 or 9, the window
captures more useful information, so both give clear im-
provements. Our method uses sliding windows for FFT and
alignment, and has no extra parameters. So changing the
kernel size does not change the number of parameters. It
only slightly changes the computation cost. But since most
objects in detection are small, a large window may bring in
noise. This may not hurt much in spatial domain, but in fre-
quency domain, it can interfere with angle estimation. So
we choose a smaller window. Therefore, in the main paper,
we set kernel size to 7.

About the location of FAAFusion. FAAFusion is de-
signed to use low-level features to correct angle informa-
tion in high-level features, so we replace element-wise add
with FAAFusion in a bottom-up way. We use the original
FPN [4] as the baseline, and replace from the lowest fu-
sion to the highest. As shown in Table S4, when we replace
element-wise add with FAAFusion, all three kinds of re-
placement improve performance, and the results are similar.
This is because the layer with the most angle information is
C2. Using C2 to guide the fusion of P3 to produce P2
gives the highest improvement in angle information. C3
and C4 are higher-level features that contain less angle in-
formation, especially for small objects. As indicated from
the results, applying FAAFusion at higher levels brings little
improvement but increases both parameters and computa-
tion. Therefore, in the main paper, we only use FAAFusion
when fusing C2 and P3 to produce P2.

S3.2. Settings of FAA Head
Our FAA Head is a new detection head applied directly to
RoI-based [1] detectors. First, FAA Head takes RoI fea-
tures as input. Then it applies FFT to get the spectrum. It
estimates the main direction of energy distribution. Next, it
rotates the features to align this main direction to a fixed an-
gle, making the features somewhat rotation-invariant. But
the original features (before alignment) still contain useful

Table S5. Results of different settings of our FAA Head. The FAA
Head is applied within the Oriented R-CNN [6] framework. All
the models are retrained and tested on a single RTX 3090. The
Params and FLOPs are calculated with MMRotate [8] toolbox.

Method Backbone #Params↓ #FLOPs↓ mAP↑

Rotation domain

Frequent ResNet50[3] 58.51M 217.17G 72.3

Spatial ResNet50[3] 58.51M 214.90G 73.1

Residual setting

Concat ResNet50[3] 74.57M 230.96G 72.6

Add ResNet50[3] 58.51M 214.90G 73.1

direction and position information that helps with bounding
box regression. So we feed both the original and aligned
features into the following fully connected layers for classi-
fication and regression.

In this process, two points worth discussing: how we
rotate the features and how we combine the original and
aligned features.

About the rotation domain. We test two rotation meth-
ods: (1) Rotate the spectrum in the frequency domain, then
apply inverse FFT to get back to spatial domain. (2) Ro-
tate the spatial feature map directly. We report and com-
pare parameters, FLOPs, and mAP for both. In theory, both
methods give the same result. But since images are discrete
signals, rotation is done by interpolation. Rotating in fre-
quency domain causes signal loss, and more loss happens
during inverse FFT. As is shown in Table S5 rotating in spa-
tial domain works better. Also, spatial rotation skips the
inverse FFT, so it is faster.

About the residual setting. For the combination of the
original and aligned features, we test two methods: concate-
nate them along the channel dimension and add the original
features as a residual (element-wise addition). We conduct
the experiment and report parameters, FLOPs, and mAP for
both. As shown in Table S5, adding as residual gives better
results and uses fewer parameters and FLOPs. This is be-
cause concatenation doubles the input dimension after flat-
tening, which greatly increases the number of parameters
and computation in the fully connected layers. Therefore,
in the main paper, we use residual addition as the combina-
tion method.

S4. Visualizations
In this section, we show some comparison results of ob-
ject detection. We use Oriented R-CNN [6] with ResNet50
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Figure S1. Detection results comparison. Our method detects ob-
jects more completely.

[3] as the backbone and compare the detection results be-
fore and after adding our FAAFusion and FAA Head. Our
method performs better in four cases:
• As shown in Figure S1, our method detects objects more

completely.
• As shown in Figure S2, our method gives higher classifi-

cation scores for detected objects.
• As shown in Figure S3, our method has fewer false detec-

tions.
• As shown in Figure S4, our method has fewer missed de-

tections.
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Figure S2. Detection results comparison. Our methods have higher classification score.
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Figure S3. Detection results comparison. Our methods have less wrong detection.
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Figure S4. Detection results comparison. Our method has fewer missed detections.
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