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Abstract— This paper proposes a novel real-time semantic
segmentation network via frequency domain learning, called
FDLNet, which revisits the segmentation task from two critical
perspectives: spatial structure description and multilevel feature
fusion. We first devise an image-size convolution (IS-Conv) as
a global frequency-domain learning operator to capture long-
range dependency in a single shot. To model spatial structure in-
formation, we construct the global structure representation path
(GSRP) based on IS-Conv, which learns a unified edge-region
representation with affordable complexity. For efficient and
lightweight multi-level feature fusion, we propose the factorized
stereoscopic attention (FSA) module, which alleviates semantic
confusion and reduces feature redundancy by introducing level-
wise attention before channel and spatial attention. Combining
the above modules, we propose a concise semantic segmentation
framework named FDLNet. We experimentally demonstrate the
effectiveness and superiority of the proposed method. FDLNet
achieves state-of-the-art performance on the Cityscapes, which
reports 76.32% mloU at 150+ FPS and 79.0% mloU at 41+ FPS.
The code is available at https://github.com/qyan0131/FDLNet.

I. INTRODUCTION

Real-time semantic segmentation aims to assign dense
labels to all pixels in the image at a low-cost and has drawn
increasing interest due to its fast-growing practical appli-
cation demands. Previous real-time segmentation methods
[1]-[5] have achieved promising performances on various
benchmarks [6], [7]. However, as a high-resolution prediction
task, real-time semantic segmentation still faces the speed
vs. accuracy contradiction caused by the challenges of high-
resolution input/output and complex scale variations.

To this end, in contrast to existing methods that directly
acquire features from the image domain, we extend the
conventional feature space to the frequency domain (FD) and
investigate the corresponding feature representation methods.
In this paper, we propose a novel CNN-based segmentation
architecture coined as FDLNet in view of FD learning.
Specifically, it is shown in Fig. 1 that FDLNet adopts a
pre-trained model as the backbone and improves the seg-
mentation performance in the following two aspects.

First, given the paradox between the detailed structural
representation and the respectable computational cost in
predicting high-resolution output, modern methods [8]-[10]
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commonly sacrifice spatial information to achieve real-time
inference, which leads to broken performance. Since the
dramatic progress of the two-stream structure proposed by
BiSeNet [1], a series of recent works [4], [11], [12] have
constructed various extra spatial paths to offer low-level
structural descriptions, like exact edges for segmentation
models, which improves localization accuracy. However, the
existing spatial path design usually biases real-time inference
to employ shallow convolution layers with limited receptive
fields and fails to capture long-range spatial interactions. This
is often manifested in their failure to extract contours for
complex texture regions, poor robustness to environmental
noise such as shadows and halation, and ineffective fore-
ground extraction in complex backgrounds, which results in
terrible position guidance for segmentation results.

Drawn inspiration from the spatial frequency model for
natural images, one crucial idea is that lower frequencies
often describe smoothly changing structures, like areas with
similar colors, while higher frequencies typically depict dras-
tically changing structures such as edges, textures, and noise.
Therefore, we propose to employ fast Fourier transform
(FFT) [13] to convert the structure description problem in the
image domain into a spectral selection problem in the FD. In
particular, we first construct an efficient image-size convolu-
tion (IS-Conv) and present adaptive global kernel generation
and efficient frequency feature learning algorithms for global
perception in a single shot.

Besides, considering the high computational cost induced
by direct operations on large-scale inputs, we leverage a
space-to-depth (S2D) conversion to losslessly decrease the
input resolution. Then, with the promotion of IS-Conv, we
build a global structure representation path (GSRP) which
consists of only one S2D layer, an IS-Conv layer, and one
transition layer. The method is empirically demonstrated to
be competent to learn a unified edge-region representation
in the FD at a low cost for the global structure description.

Second, aggregating multilevel features is crucial to cap-
turing multiscale context for addressing the complex scale
variations. In mainstream semantic segmentation algorithms,
the pyramid-style feature fusion modules [14], [15] are often
exploited to enrich the feature space but leads to a dramatic
increase in computational cost. Meanwhile, the direct fusion
of multilevel features is prone to semantic confusion due to
the huge semantic gap between shallow and deep features. To
address the problem, some pioneering approaches reweigh
the channel features [16] or spatial pixels [17], [18] by
leveraging attention mechanisms to model channel-wise or
space-wise feature interactions. Though these methods seem
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Fig. 1. The proposed FDLNet framework. The context path contains a backbone for high-level semantic features. The GSRP is proposed for global structure
description via image-size convolution (IS-Conv). The FSA is proposed to generate feature pyramids and fuse multilevel features for pixel classification.

effective, they usually ignore the level-wise redundancy and
suffer from a huge computation burden due to the simulta-
neous attention modeling across all pixels.

To tackle this, we propose a factorized stereoscopic at-
tention (FSA) in three decoupled dimensions: level-wise,
channel-wise, and space-wise. It emphasizes level-wise in-
teraction modeling and highly reduces feature redundancy
at a low cost. FSA first employs level-wise attention to
estimate the contribution of each level to each pixel in the
fused feature space and achieves fast integration of multilevel
features. Then it constructs inter-channel dependencies to
select key features by channel-wise attention and builds
spatial context associations by space-wise attention.

Based on the above modules, we present the FDLNet
framework and conduct experiments on the Cityscapes
[6]. We have analyzed and validated the effectiveness of
GSRP and FSA. The experiments demonstrate that FDLNet
achieves state-of-the-art performance, which reports 76.32%
mloU at 150+ FPS and 79.0% at 41+ FPS on the test set.

To sum up, the contributions of this paper are as follows:

1) We put forward the idea of learning global frequency
features in the FD and introduced an image-size convo-
lution algorithm (IS-Conv), which enables the capture
of global interactions at a low cost in a single shot.

2) We build the global structure representation path
(GSRP) based on IS-Conv for global structure descrip-
tion by learning a unified edge-region representation in
the FD.

3) We propose the factorized stereoscopic attention (FSA)
module for efficient feature fusion by decoupling it into
the previously under-appreciated level-wise, channel-
wise, and space-wise attentions.

4) We present the FDLNet framework based on GSRP and
FSA, which achieves state-of-the-art performance.

II. RELATED WORK
A. Application of FD transformations in vision tasks

The Fourier transform has been widely used in classical
digital image processing [19]. With the rapid development

of CNNs in vision, some works [20], [21] proposed to
use the convolution theorem for convolution acceleration
with FFT. In recent years, there has been some works that
introduce frequency information into deep learning networks
and has achieved good results on various tasks [22], [23].
DCTNet [24] learns on the discrete cosine transform results
and downsamples images, which avoids accuracy loss by
excluding trivial frequencies. FFC [25] proposed to replace
part of the convolution with an Local Fourier Unit and op-
erate convolutions in the FD. FFC combines image-domain
convolution and frequency-domain convolution which is used
only for global dependency construction. More recently,
GFNet [26] models the network by learning in the FD as
a global filter. However, the FD kernel size of GFNet is
set in advance and cannot be changed dynamically. In this
paper, we propose to implement an image-size convolution
with adaptive kernel size by FD learning, which acts as a
more flexible global filter with fewer learnable parameters.

B. Real-time semantic segmentation

Over the years, the interest in real-time semantic seg-
mentation has rapidly intensified due to their fast-growing
application demands. Some networks use efficient convolu-
tional operations [27]-[30] or apply a lightweight backbone
for real-time inference [4], [31]-[33]. Many networks are
designed with efficient modules to deal with structural infor-
mation and multilevel features for precise segmentation.

1) Dealing with structural information: Some encoder-
decoder structures [9], [34], [35] have employed skip connec-
tions to combine low-level features with refined high-level
representations for detail restoration. Other multi-path fusion
methods [1], [2], [11], [36], [37] adopt different branches to
encode both context and structural information to generate
high-accuracy predictions. MSFNet [38] proposed a strategy
of multiplying spatial fusion and class boundary supervision.

However, these methods model the structural information
only at a shallow level with limit receptive fields, which
brings redundancy and noise and even leads to semantic
confusion. In this paper, we transform the spatial structure
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Fig. 2. The IS-Conv structure. DW is the depthwise separable convolution.

description problem into a frequency selection problem in
the FD and provide high-quality structural information by
constructing edge-region consistent descriptions.

2) Handling multilevel features: Modern approaches [3],
[10], [39] use dilated convolutions with different dilation
rates in cascade or parallel to obtain multiscale features.
PSPNet [14] encoded context information by Pyramid Pool-
ing Module. DeepLab [15] employed ASPP with global
average pooling to obtain multiscale information. DFANet
[2] adopted deep feature aggregation to fully use features of
different levels. In addition, since SENet [16], many works
[17], [18], [40]-[42] have established attention mechanisms
in channels, spaces and achieved excellent performance.

However, the level-wise association and redundancy are
often ignored, resulting in information overload and exten-
sive computation during feature fusion. We thus introduce
level-wise attention and design a factorized attention module
to achieve efficient and cost-effective feature fusion.

III. PROPOSED METHOD

The proposed FDLNet framework is depicted in Fig. 1,
which consists of two paths and a multilevel feature fusion
module. We describe them in detail below.

A. Image-size convolution(IS-Conv)

It is well known that the demand for capturing global
context often calls for a feature extraction process with a
sizeable receptive field. In practice, the optimal kernel size
for acquiring full receptive fields is consistent with the input
image size in a single shot, whose corresponding convolution
is referred to as the image-size convolution. However, image-
size convolution faces the following dilemmas: (1) enormous
computational overhead especially for large-scale inputs, (2)
dynamic convolutional kernel size due to variable image
sizes, (3) massive training parameters. To tackle this, we
propose the IS-Conv operator via FD learning.

1) Structure: The proposed IS-Conv is constructed as Fig.
2. For the ease of description, we use ® for convolution
operator and X € RICin W]y ¢ RICout: H' W' and K
for input, desired output and image-size kernel, respectively.
Before performing image-size convolution, X is transformed
to X' for desired output shape, and then the image-size
convolution is calculated as Eq. (1), where ¢ is the transform

function. According to the convolution theorem as Eq. (2),
we rewrite Eq. (1) as Eq. (3), where F{-} denotes the FFT,
F~1{.} stands for the inverse FFT (IFFT), and F(X’) and
F(K) are homomorphic matrices.

X' =¢(X), Y=X'®&K 1)
F{f@g}=F{f} Flg} 2)
Y =X oK=FYFX') FK)) 3)

Based on Eq. (3), IS-Conv performs the following steps:

(1) Transform the input to the desired output shape by a
1 x 1 Conv transition layer with weights W,qnsition as
Eq. (4), and obtain the spectrum F(X') using FFT.

X' = ¢(X) = X @ Wiransition 4

(2) Generate K in the FD (F(K)) conditioned on the spec-
trum of F(X') using a series of convolutions as Eq. (5),

FK)=FXYoW,® - @ Wy, 5)

where W; (¢ € N) represents the convolution. In this
paper, we set N = 3 and the detailed convolution setups
are shown in Fig. 2.

(3) Multiply F(X') with F(K) and conduct IFFT to get the
final output just as Eq. (3).

The generated K can be adaptive to various image sizes,
and there are very few learnable parameters, which is friendly
and flexible to both training and inference.

2) Design rational and analysis:

a) FD learning principle and its effectiveness: Con-
volution considers the association of local pixels in the
image domain, which restricts the receptive field of a single
operation to the kernel size. In contrast, the convolution
learning on the spectrum considers the frequency correlation
in the FD and extracts the frequency combinations with
specific patterns. Since all pixels of the image are involved
in the computation of the spectrum, the equivalent receptive
field in the image domain is no longer limited by the
convolution kernel size. Besides, frequency better highlights
the essential properties of a particular pattern in an image,
e.g. zero frequency for the global average of the feature
map, low-frequency for uniform color regions, and high-
frequency for edges and complex textures. Also, FD learning
can remove ultra-high frequency noise and improve the
feature robustness. Thanks to that, the spectrum of the IS-
Conv kernel, F(K), actually acts as a weight mask in FD
generated by learning the spectrum. The mask then realizes
the frequency selection by multiplying it with the input
spectrum, which enables IS-Conv with global perception
when the multiplication is converted to the image domain.

b) Computational efficiency: For comparison, the num-
ber of parameters for a single convolution and an IS-Conv
with the same receptive field are given by Eq. (6) and (7),
respectively. The computational complexity of FFT and IFFT
is O(H'W'Cyyilog,(H'W')), and the total complexity of
IS-Conv is O(HWC;,Cour + H' W' Coyilog,(H'W') +
H'W'C?,, + HW'C,,;). Taking the image size as the

out
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dominant variable, the IS-Conv complexity can be simplified
to O(HW log,(HW)). Comparing the global convolution
with a complexity of O(HW H'W'C,,Coyt) which can be
simplified to &(H?W?), the proposed 1S-Conv effectively
reduces the computational complexity, especially for large-
scale image inputs.

Paramscony = CinCout HW, (6)
Paramsix1 = CinCout
Paramsw, , , = 18Cout +9C2y; (N
Paramsis—conv = Paramsixi + Paramsw, , 4

In summary, IS-Conv realizes image-size convolution via
image-frequency transformation and FD learning, which
cuts off numerous computation and parameters, and enables
global representation in a single shot.

B. Global structure representation path(GSRP)

Regions and edges are equally important for semantic seg-
mentation, which we refer to collectively as spatial structure
information. Since various spatial structure features are often
represented separately at different levels in successive con-
volutional models, existing methods using shallow layers in
spatial path often fail to describe completely spatial structure
and long-range dependencies. Benefit from the effectiveness
of IS-Conv, we recommend transforming the spatial structure
description problem into a spectral selection problem in the
FD. So we construct global structure representation path
(GSRP) based on IS-Conv, which realizes the edge-region
consistency representation and global dependence capture.

1) Structure: The GSRP structure is depicted in the lower
middle part of Fig. 1, which consists of an S2D defined in our
previous work [5], an IS-Conv and a transition layer. Due to
the huge calculation and high spatial redundancy associated
with large-scale input, we first use the S2D to losslessly
reduce the original input to 1/8 scale. Then, we apply one
IS-Conv to extract rich edge and region information. Finally,
a 1x1 convolution is used to re-combine different variants
and control the number of output channels.

2) Design rational and analysis: As mentioned earlier,
whether edges or regions, they are a specific pattern in the
FD, which can be captured through proper learning. To prove
this, we make a simple demonstration as shown in Fig. 3. We
perform FFT on the input images and then directly remove
the 30% low-frequency component or 30% high-frequency
one, respectively, and then we correspondingly obtain (b)
the edge maps, and (c) the region maps. It follows that
a unified edge-region representation can be achieved by a
proper frequency selection in the FD. In other words, it is
reasonable and effective to convert the structural description
problem into a frequency selection problem in the FD.

The computational cost of GSRP mainly exists in IS-Conv
and the transition layer. Since Sect. III-A.2.b demonstrates
the high efficiency of IS-Conv and the transition layer is a
1x1 conv on a low-resolution image with low computational
cost, GSRP is naturally quite efficient and cost-effective.

To summarize, GSRP yields global structure representa-
tions with affordable complexity, providing rich and precise
location information for the segmentation model.

(a) Original Image (b) Edge (70% high frequency) (c) Region (30% low frequency)

Fig. 3. Example of extracting edges and regions in the FD. (a) is the
input image, (b) shows the edge extraction by keeping 70% high frequency
component, while (c) is the region obtained by removing the high frequency.

C. Factorized stereoscopic attention(FSA)

Multiscale context and multi-level semantics have proven
to be critical to segmentation performance. As mentioned
earlier, modern methods for the feature fusion usually suf-
fer from the huge semantic gaps among different levels,
and the information overload problem caused by feature
redundancy. To handle the problem, we propose the FSA
to model attention mechanisms with three decoupled di-
mensions: level-wise, channel-wise, and space-wise, which
achieves lightweight but powerful context aggregation and
multiscale fusion simultaneously. Notably, FSA introduces
level-wise attention, which was being overlooked by previous
methods, and enables fast multi-level feature merging.

1) Structure: The FSA sketch shown in Fig. 4 is designed
with the following operations:

(1) Pyramid pooling for the 1/32 scale output for multiscale
context. To accommodate non-square inputs, the pooling
parameters are set as shown in Fig. 4.

(2) Channel adjustment and scale alignment by 1 x 1 convo-
Iution and interpolation. The FSA has 7 sets of features
F*, i € [1,7] with the same size and output channels.

(3) Level-wise attention and cross-level fusion: (a) With the
structure marked as level-wise attention in Fig. 4, we
calculate the weight of F? for each spatial location and
obtain the score map S°. The physical meaning of S°
is the degree of contribution of F' to each pixel on
the fused output. (b) Compute fusion output Fp,,. by
weighting and summing all F* with S as weights.

(4) Apply commonly used channel-wise [16] and space-wise
[17] attentions on F't,. to obtain the final FSA’s output.

2) Design rational and analysis: We quantify the redun-
dancy between feature maps by Pearson correlation coeffi-
cient. By calculating the correlation of 1/8, 1/16, 1/32 scale
feature maps of pre-trained ResNet-18, we find that 14.9%
of the feature maps have a correlation higher than 0.3, which
indicates a moderate or stronger correlation. Typical exam-
ples are shown in Fig. 5. In terms of context aggregation,
we plot the correlation matrix between the pooling pyramids
according to the PSPNet [14] as depicted on the right of
Fig. 5, which shows extremely high correlations. Therefore,
we propose to reweigh the contribution of each level to the
fusion output at each space location, and obtain the fused
features directly by weighting and summing across all levels.

In conclusion, FSA couples three attention mechanisms
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Fig. 5. Feature redundancy demonstration. LEFT: Correlated feature maps
from different scales. RIGHT: Correlation matrix of pyramid poolings.

from level-wise, channel-wise, and space-wise and achieves
lightweight but powerful multi-level feature aggregation.

D. FDLNet Architecture

Recalling Fig. 1, FDLNet employs a two-path structure.
The context path contains a backbone which extracts high-
level semantics, while the proposed GSRP describes the
global structure which provides accurate location guidance
for high-resolution output. Finally the two paths are fed into
FSA for efficient multiscale and multilevel feature fusion,
and the classifier outputs prediction results. FDLNet is a
plug-and-play framework for flexible model designs using
a variety of backbone networks, and its components GSRP
and FSA can be easily applied to other models as well.

IV. EXPERIMENTS

In this section, we first introduce the implementation de-
tails, and then perform ablation study to further analyze and
demonstrate the effectiveness and superiority of our method.
Finally we present the comparison with other methods on
the Cityscapes dataset [6].

A. Implementation Details

We conducted experiments on PyTorch 1.9.0. The envi-
ronment is NVIDIA RTX2080Ti, CUDA 11.3 and CuDNN
v8.2. For training, we used mini-batch stochastic gradient
descent (SGD) with momentum 0.9, batch size 12 and weight
decay Se-4. Our model was trained 500 epochs with standard
cross-entropy loss. We applied the poly learning rate policy

TABLE I
ABLATION STUDY RESULTS. GFLOPS ARE CALCULATED WITH INPUT
SHAPE [3,512,1024]

GSRP FSA ‘ #Param.  GFLOPs mloU Inf.Time
- - 13.48M 29.64G 74.78% 8.82ms
v - 13.50M 29.70G 75.65% 8.82ms
- v 11.89M 22.15G 75.77% 6.64ms
v v 11.92M 22.21G 76.61% 6.65ms

(c) w/o GSRP

(a) Input (b) Ground truth (d) w GSRP

Fig. 6. Some typical examples that demonstrate the effectiveness of GSRP.

with power 0.9 and initial learning rate 0.01. For evaluation
metrics, both mean classwise intersection-over-union (mloU)
and frames per second (FPS) were used. For data processing,
we used mean subtraction and normalization and applied
some data augmentation techniques: random resizing from
0.75 to 1.5, crop, and horizontal flip.

B. Ablation study

We evaluated the proposed GSRP and FSA on the val-
idation set of the Cityscapes [6]. For fair comparison, we
chose the popular BiSeNet [1] structure as the baseline. We
verified the effectiveness of each module by replacing the
spatial path (denoted as SP) in BiSeNet with GSRP and the
Feature Fusion Module (FFM) with FSA. Table I shows the
result, where the first line is the BiSeNet and the last one is
FDLNet. Marked with a v sign indicates the replacement.
Below we analyze the role of each module in detail.

1) Effectiveness of the GSRP: After replacing the original
SP with GSRP, the model achieved a 0.9% accuracy improve-
ment. Although the number of parameters and computation
increases slightly due to the global kernel generation in IS-
Conv, GSRP barely hurts the real-time performance. We
compare the cases with and without GSRP in Fig. 6. The
GSRP’s effectiveness are reflected in two aspects:

(1) The first two lines demonstrate the ability to highlight
regions. The original SP tends to extract too many edges
at the texture and thus results in discontinuities in the
region owing to the lack of long-range dependence. In
contrast, GSRP is able to extract almost all regions of
tree and road, respectively.

(2) The last two lines shows the edge extraction capability.
Due to the shallow layers and low-level features, SP
sometime extracts more noise than edges. However,
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Fig. 7. Some examples of FSA’s role on improving network performance.

GSRP can describe clear and explicit boundaries.

The results indicate that GSRP facilitates the learning of
specific textures and boundaries in the global background
and reduces noise interference. Both benefit from the edge-
region consistency representation in the FD, which enables
frequency feature learning and global structural descriptions.

2) Effectiveness of the FSA: The improvement brought by
FSA is significant in both accuracy (~ 1% 1) and inference
time (~ 24.7% 7). As illustrated in Fig. 7, we summarize its
promotion effect in four aspects.

(1) Provides enough receptive field to improve the percep-
tion of large objects (1st row).

(2) Enhances tiny object detection through multilevel and
multiscale learning (2nd row).

(3) Alleviates local misclassification via contextual aggrega-
tion (3rd row).

(4) Mitigates semantic confusion due to similar appearance
and large background by coupling multidimensional at-
tention mechanisms (4th row).

These results coincide with our initial design intention and
fully prove the efficiency and effectiveness of our method.

3) Study on feature redundancy: To further reveal the
superiority of GSRP and FSA, we traverse the validation
set of Cityscapes and calculated the correlation matrix of
GSRP/FSA outputs, as shown in Fig. 8. Intuitively, the
feature correlation of the networks with GSRP/FSA is lower
than those without these modules. To quantitatively describe
the redundancy, we count the proportion of partially cor-
related (correlation>0.3) and strongly correlated (correla-
tion>0.6) for each correlation matrix, as shown in the tick
labels on Fig. 8. Both GSRP and FSA effectively reduce the
redundancy of the output features. It can be concluded that
GSRP and FSA are superior in improving the learning and
generalization abilities of the network.

C. Comparison with state-of-the-art methods

We tested our networks on the Cityscapes [6] test set
and compared our results with the state-of-the-art real-time
methods for semantic segmentation in Table II. Among
the methods listed, our FDLNet achieves the best trade-off
between speed and accuracy. Compared to the CABiNet [43]
with similar accuracy, FDLNet runs nearly 2x faster. And

Partial related (>0.3): 38 Partial related (>0.3): 31
W/0 GSRP grong related (-0.6): 12 w/o FSA lated (>0.6): 4.

ted (>0.3): 16.8%
o

00

Fig. 8.
higher the correlation.

Correlation matrix between feature maps. The closer to red, the

TABLE 11
COMPARISON ON CITYSCAPES TEST SET. Py. STANDS FOR TESTING ON
PYTORCH PLATFORM, WHILE TRT 1S ON TENSORRT.

FPS
Method ‘ Input Size ‘ GPU ‘ mioU ‘ ——
\ \ | %) | Py |TRT
DFANet A [2] | 1024x1024 |  Titan X 713 | 100
DFANet B [2] | 1024x1024 |  Titan X 671 | 120
BiSeNet vl [1] 768 x 1536 Titan Xp 74.7 65.6 -
BiSeNet v2 [12] | 512x1024 | GTX 1080Ti | 726 | - |156
BiSeNet v2-L [12] 512x1024 | GTX 1080Ti | 753 - w413
SwiftNet-18 [44] | 1024x2048 | GTX 1080Ti | 75.5 | 399 | -
FANet [45] 1024x2048 |  Titan X 744 | 72 | -
ShelfNet [46] 1024x2048 | GTX 1080Ti | 748 | 369 | -
GAS [47] 769%1537 | Titan Xp | 718 | 1084 | -
HMSeg [48] 768x1536 | GTX 1080Ti | 743 | 832 | -
SENet [49] 512x1024 | GTX 1080Ti | 745 | 121 | -
MSFNet [38] 1024x2048 | RTX 2080Ti | 77.1 | 41 | -
CABiNet [43] 1024x2048 | RTX 2080Ti | 759 | 765 | -
STDC1-Seg50 [4]| 512x1024 | GTX 1080Ti | 719 | - p50.4
STDC2-Seg50 [4]| 512x1024 | GTX 1080Ti | 734 | - 1886
STDCI1-Seg75 [4]| 768x1536 | GTX 1080Ti | 75.3 - 1267
STDC2-Seg75 [4]| 768x1536 | GTX 1080Ti | 76.8 - 970
RGPNet [50] 1024x2048 | RTX 2080Ti | 74.1 - 472
TiTan X 1042 | -
FDLNet-18 51231024 | S| 763 | Jee |
FDLNet-101 5121024 R:FFQS(I)ISE(Ti 79.0 ﬂ:g -

FDLNet achieves slightly higher mloU and faster inference
FPS than the STDC2-Seg75 [4] even without TensorRT
acceleration. Overall, our approach achieves state-of-the-art
performance in real-time semantic segmentation.

V. CONCLUSION

In this paper, we revisit the real-time semantic segmen-
tation task from two critical perspectives: global spatial
structure description and multilevel information fusion. We
first proposed the IS-Conv operator to capture global depen-
dencies in a single shot via frequency domain learning. Then
we constructed the GSRP based on IS-Conv for efficient
spatial structure description with both edges and regions,
and the FSA for light-weight but powerful multilevel fea-
ture fusion. Extensive experiments have demonstrated that
FDLNet, consisting of the above modules, achieves state-of-
the-art performance on the Cityscapes dataset. In the future,
we will further explore vision tasks from a frequency domain
learning perspective and take our study on IS-Conv further.
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