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Abstract

With the increasing interest and rapid development of
methods for Ultra-High Resolution (UHR) segmentation,
a large-scale benchmark covering a wide range of scenes
with full fine-grained dense annotations is urgently needed
to facilitate the field. To this end, the URUR dataset
is introduced, in the meaning of Ultra-High Resolution
dataset with Ultra-Rich Context. As the name suggests,
URUR contains amounts of images with high enough res-
olution (3,008 images of size 5,120×5,120), a wide range
of complex scenes (from 63 cities), rich-enough context
(1 million instances with 8 categories) and fine-grained
annotations (about 80 billion manually annotated pixels),
which is far superior to all the existing UHR datasets
including DeepGlobe, Inria Aerial, UDD, etc.. More-
over, we also propose WSDNet, a more efficient and ef-
fective framework for UHR segmentation especially with
ultra-rich context. Specifically, multi-level Discrete Wavelet
Transform (DWT) is naturally integrated to release com-
putation burden while preserve more spatial details, along
with a Wavelet Smooth Loss (WSL) to reconstruct orig-
inal structured context and texture with a smooth con-
strain. Experiments on several UHR datasets demonstrate
its state-of-the-art performance. The dataset is available at
https://github.com/jankyee/URUR.

1. Introduction

Benefited from the advancement of photography and
sensor technologies, the accessibility and analysis of ultra-
high resolution (UHR) images has opened new horizons
for the computer vision community, playing an increasingly
important role in a wide range of applications, including but
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not limited to disaster control, environmental monitoring,
land resource protection and urban planning. The focus of
this paper is on semantic segmentation for UHR images.

The most commonly-used datasets in existing UHR seg-
mentation methods include DeepGlobe [4], Inria Aerial [8]
and Citysacpes [3]. According the definition of UHR me-
dias [9,10], an image with at least 2048×1080 (2.2M) pixels
are regarded as 2K high resolution media. An image with
at least 3,840×1,080 (4.1M) pixels reaches the bare mini-
mum bar of 4K resolution, and 4K ultra-high definition me-
dia usually refers to a minimum resolution of 3,840×2,160
(8.3M). However, except for Inria Aeral which reaches
to 5,000×5,000 pixels, the average resolution of all other
two datasets are below 2,500×2,500 (6.2M), thus actually
they are not strictly UHR medias. Besides, DeepGlobe
also adopts coarse annotations that result in numbers of
noises. Although the utra-high resolution, Inria Aerial con-
tains only 180 images in limited scenes, and only anno-
tates one category of building, which is not sufficient to
fully verify the performance of UHR segmentation methods
and limits the development of the community. Therefore, a
novel large-scale benchmark dataset covering a wide range
of scenes with full fine-grained dense annotations is ur-
gently needed to facilitate the field. To this end, the URUR
dataset is proposed in the paper, in this meaning of Ultra-
High Resolution dataset with Ultra-Rich Context. Firstly
for the resolution, URUR contains 3,008 UHR images of
size 5,120×5,120 (up to 26M), coming from a wide range
of complex scenes in 63 cities. For annotations, there are 80
billion manually annotated pixels, including 2 million fine-
grained instances with 8 categories, which is of ultra-high
context and far superior to all the existing UHR datasets.
Visualization samples and detailed statistics are revealed in
Figure 1 and Section 3.

In order to balance the memory occupation and accu-
racy when the image resolution grows to ultra-high, earlier
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Figure 1. The comparison between natural datasets (Pascal VOC [1], COCO [2], Cityscapes [3]), and representative UHR datasets (Deep-
Globe [4], ISIC [5], UDD6 [6], UAVid [7], Inria Aerial [8] and URUR). As shown that UHR images (from b to g) cover a larger filed of
view and contain more regions with very large contrast in both scale and shape, than natural images (a). Existing UHR datasets either adopt
coarse annotations (b, d, e) or only annotate one category (c, f). The proposed URUR dataset (h) utilizes fine-grained dense annotations for
whole 8 categories.

works for UHR segmentation utilize a two-branch global-
local collaborative network to preserve both global and lo-
cal information, taking the globally down-sampled image
and locally cropped patches as inputs respectively. The
representative works include GLNet [10] and FCtL [11].
However, this type of framework requires multiple predic-
tions on the patches thus the overall inference speed is very
slow. To further achieve a better balance among accuracy,
memory and inference speed, ISDNet [12] is proposed to
integrate shallow and deep networks for efficient segmen-
tation. The shallow branch has fewer layers and faster in-
ference speed, its input does not need any downsampling
or cropping. For the deep branch, the input image is di-
rectly down-sampled to ensure high inference speed. Then
a heavy relation-aware feature (RAF) module is utilized
to exploit the relationship between the shallow and deep
feature. In this paper, we propose WSDNet, the evolu-
tion of ISDNet, to formulate a more efficient and effective
framework for UHR segmentation. Specifically, multi-level
Discrete Wavelet Transform (DWT) and Inverse Discrete
Wavelet Transform (IWT) are naturally integrated to release
computation burden while preserve more spatial details in
the deep branch, thus RAF can be removed for higher infer-
ence speed. The Wavelet Smooth Loss (WSL) is also de-
signed to reconstruct original structured context and texture
distribution with the smooth constrain in frequency domain.

Overall, the contributions of this paper are summarized
as follows:

• We introduce the URUR dataset, a novel large-scale

dataset covering a wide range of scenes with full fine-
grained dense annotations, which is superior to all the
exiting UHR datastes to our knowledge.

• WSDNet is proposed to preserve more spatial details
with multi-level DWT-IWT, and a Wavelet Smooth
Loss is presented to reconstruct original structured
context and texture distribution with the smooth con-
strain in frequency domain.

• Statistics and experiments demonstrate the superior-
ity of URUR and WSDNet. WSDNet achieves state-
of-the-art balance among accuracy, memory and infer-
ence speed on several UHR datasets.

2. Related Work
2.1. Generic Semantic Segmentation

With the rapid development of deep learning [13–17],
semantic segmentation have achieved remarkable progress.
Most of generic semantic segmentation models are based
on and aim to improve fully convolutional networks
(FCN) [18]. They rely on large receptive field and fine-
grained deep features [19–24] or graph modules [25–29],
which are not appropriate to directly apply to UHR im-
ages. Real-time segmentors are proposed to balance the
computation cost and performance [30–32]. BiseNetV2
[31] achieved considerable performance benefited from its
specially designed architectures(bilateral aggregation) and
training strategies(booster training). However these meth-
ods usually rely on small receptive fields and feature chan-

23622



nel cutting techniques, which sacrifices the feature view. In
addition, knowledge distillation frameworks are also uti-
lized to produce efficient yet high-performance segmenta-
tion models [33, 34].

2.2. UHR Semantic Segmentation

Many methods have been especially presented for UHR
semantic segmentation [10–12, 35, 36]. CascadePSP [35]
proposed to improve the coarse segmentation results with a
pre-trained model to generate high-quality results. GLNet
[10] firstly incorporated both global and local information
deeply in a two-stream branch manner. Based on GLNet,
FCtL [11] further exploited a squeeze-and-split structure
to fuse multi-scale features information. For the sake of
higher inference speed, ISDNet [12] directly processed the
full-scale and down-sampled inputs by integrating shallow
and deep networks, significantly accelerating the inference
speed.

3. URUR Dataset
The proposed URUR dataset is far superior to all the

existing UHR datasets including DeepGlobe, Inria Aerial,
UDD, etc., in terms of both quantity, context richness and
annotation quality. In this section, we illustrate the pro-
cesses of dataset construction and analyze them through
a variety of informative statistics, as well as give detailed
measures to protect privacy.

3.1. Dataset Summary

The proposed URUR dataset contains 3,008 UHR im-
ages with size of 5,012×5,012, captured from 63 cities. The
training, validation and testing set include 2,157, 280 and
571 UHR images respectively, with the approximate ratio
of 7:1:2. All the images are exhaustively manually anno-
tated with fine-grained pixel-level categories, including 8
classes of “building”, “farmland”, “greenhouse”, “wood-
land”, “bareland”, “water”, “road” and “others”. Sample
images are shown in Figure 1 (h). The number of images
and annotations in the dataset is still growing.

3.2. Data Collection and Pre-processing

The dataset is collected by several high-quality satellite
image data sources for public use. This results in data from
63 cities which we then select about 20 scenes manually in
each city, based on following standards:

• Low Ambiguity: The objects in the selected scenes
should not have much obvious semantic ambiguity in
appearance.

• High Diversity: Scenes with diverse types of cate-
gories, instances, times and weather should be more
appropriate and meaningful in our task.

• Privacy Protection: No information in the scenario
should reveal anything about privacy, such as person,
store name, etc.

Therefore, the dataset has a high variation in camera view-
point, illumination and scenario type. In addition, in order
to enhance the diversity and richness of the dataset, mul-
tiple granular perspectives are set and collected for each
scenario. As a result, we totally collect 752 images with
size 10,240×10,240, which are then divided to 3,008 im-
ages with size 5,120×5,120.

3.3. Efficient Annotation

Compared to natural images, annotating the UHR im-
ages is always a more tough job, since the objects to
be labeled grow quadratically as the image resolution in-
creases. This is why existing UHR datasets usually ex-
ploit coarse-grained annotations or annotate only one ma-
jor category. In contrast, we are intended to adopt more
fine-grained annotations for the whole categories in the pro-
posed URUR dataset. Figure 1 shows an intuitive compar-
ison and more details about dataset statistics will be pre-
sented on Section 3.4. As seen that the UHR datasets in-
cluding DeepGlobe, Inria Aerial and URUR obviously con-
tain more objects and instances than natural ones, such as
Pascal VOC and COCO, while the objects are also smaller
in scale. Moreover, one or more class pairs are often spa-
tially mixed together, bringing great troubles to carefully
distinguish them during annotation process. By contrast,
URUR also contains more objects and richer context than
other UHR datasets. In conclusion, the main challenge and
time-consuming part of annotating fine-grained UHR im-
ages are not only reflected in the amounts of objects to be
annotated caused by the excessively ultra-high image res-
olution, but also in the many chain problems caused by
the ultra-rich image context among objects with drastically
changing scales.

For both efficient and accurate annotation, each origi-
nal UHR image with size of 5,120×5,120 is firstly cropped
evenly into multiple patches with size of 1,000×1,000. We
let the annotators annotate these image patches separately,
after that their results are correspondingly merged to get the
final annotations relative to the original UHR images. In
this way, we ensure that each annotator only focus on a
smaller image patch, which facilitates the annotation pro-
cess and improves the accuracy of the annotation results.
During cropping, neighboring patches have 120×1,000 pix-
els overlap region to guarantee the consistency of annota-
tion results and avoid boundary vanishing. In order to fur-
ther save manpower and speed up the whole process, a ISD-
Net model is trained with the early manually annotated im-
ages and used to generate segmentation masks on the rest
images. As a reference, annotators adjust the masks with
the help of annotation tools developed by us.
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UHR
Dataset

Image Statistics Overall Annotated Statistics Per Annotated Statistics Scene Complexity

Img. Resolution Type Pixels Density Cls. Inst.
Ave. Cls. per
Img./Region

Ave. Inst. per
Img./Region Cities Context

DeepGlobe 803 2448×2448 coarse 4812M 1.0 8 21K 3.9/1.8 17/4.9 3 0.398
Inria Aerial 180 5000×5000 fine 710M 0.16 2 138K 2/0.8 766/302 10 0.367

ISIC∗ 2596 6682×4401 coarse 247M 0.01 2 2.6K 2/0.2 1/0.2 - 0.087
ERM-PAIW 33 4795×3014 fine 71M 0.15 2 0.3K 2/0.6 1/0.6 11 0.277

UDD6 141 4096×2160 coarse 1250M 1.0 6 21K 5.8/3.4 99/42 4 0.471
UAVid 140 3840×2160 coarse 1001M 1.0 8 22K 6.6/4.1 93/54 1 0.459

URUR 3008 5120×5120 fine 78852M 1.0 8 1140K 7.2/5.6 379/201 63 0.883

Table 1. The detailed statistics comparison between URUR and existing UHR datasets, including DeepGlobe [4], Inria Aerial [8], ISIC [5],
ERM-PAIW [37], UDD6 [6] and UAVid [7]. As shown that URUR is far superior to all of them in terms of both quantity, annotation
quality, context richness and scene complexity. “Img.”, “Cls.”, “Inst.”, “Ave.” denote “Image”, “Class/Category”, “Instance”, “Average”
respectively. For UDD6 and UAVid, the testing sets are not included since the annotations have not been open sourced. The resolution of
images in ISIC is diverse and the largest is up to 6682×4401. Instances that are too small are not considered.

3.4. Dataset Statistics

Table 1 shows the detailed statistics comparison between
the proposed URUR dataset and exiting several main UHR
datasets, including DeepGlobe [4], Inria Aerial [5], ISIC
[5], ERM-PAIM [37], UDD [6] and UAVid [7]. First of all,
for the most fundamental image statistics, URUR consists
of 3,008 images with size of 5,120×5,120 and outperforms
all other datasets on both image number and resolution. In
concrete, except for ISIC and DeepGlobe, the image num-
ber of all other datasets are below 200. DeepGlobe contains
803 images but the resolution is only 2,448×2,448 (5.9M),
which does not even reach the minimum threshold (8.3M)
of UHR medias (illustrated in Section 1). For overall anno-
tation, limited by manpower, the annotation paradigms of
existing datasets are divided into two types: (1) using coarse
annotation, or (2) only annotating one category. The first
type includes DeepGlobe, UDD6 and UAVid. As samples
shown in Figure 1 (b, d, e), a large area of land containing
many farmlands and buildings has been directly annotated
as bareland for simplify in DeepGlobe. The cars, persons
and trees are directly roughly painted in UDD6 and UAVid.
The second type includes Inria Aerial and ERM-PAIM, they
adopt a fine-grained annotations but only annotate one cate-
gory of buildings and roads respectively. ISIC is a medicine
dataset about lesion segmentation. Although it has up to
2,596 images, there is only one category of lesion area be-
ing roughly annotated. By contrast, URUR totally anno-
tates 78,852 million pixels, with 100% annotation density
on 8 categories, and the total number of annotated instances
are up to 2,058 thousand, which is far superior to all other
datasets. More details about per image annotation statistics
are also revealed. We count the average number of cate-
gories and instances per image, which can reflect the con-
text richness and scene complexity in some degree. For a
closer observation, we also randomly sample some regions

and count the average categories and instances in them. As
found in Table 1, although both DeepGlobe, UDD6 and
UAVid contain multiple categories, their average category
per image/region is very low because of the coarse annota-
tions and relative-simple scenes. By contrast, URUR con-
sists of high-density categories and instances in each image
with complex scenes. The other meta information is also
provided, such as number of cities for data collection.

Finally, we design a quantitative measure metric, namely
Scene Context Richness, to compare the overall scene com-
plexity in datasets. Formally, it is defined as follows,

R = −
C∑
c

(Oc)
1
q · pc · log(pc) (1)

where R is the context richness, C is the number of cat-
egories, Oc is the average number of object instances per
region for category c, pc is the average probability of cat-
egory c per region. Thus we can see that when the dataset
contains more object instances and more diverse categories
in each region, its overall context is richer thus scene com-
plexity is higher. q is the temperature parameter to adjust
the weight of instance number and set to 2 in our experi-
ments. We randomly select some regions for all the datasets
and calculate R, results show that URUR has the highest
scene complexity (R = 0.883) and ultra-rich context.

3.5. Privacy Protection Statement

For the most important thing, our dataset is only used for
academic purposes to drive the development of UHR image
analysis techniques. We have fully considered all the possi-
bilities to avoid anything about privacy issues in the dataset
collection stage. The source of dataset comes from satel-
lites for public use and is not related to any sensitive infor-
mation. Annotators are also asked to filter and discard the
potentially sensitive information. Specifically, we ask an-
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Figure 2. The overview of the proposed WSDNet for UHR segmentation, which consists of a deep branch D (the lower branch) and a
shallow branch S (the upper branch). In S, the input images is decomposed into two subbands with Laplacian pyramid, which are then
concatenated and fed into a shallow network to extract full-scale spatial details. In D, the input image is down-sampled with two-level
Discrete Wavelet Transform (DWT) and then fed into the deep network to harvest high-level category-wise context. Next the output with
scale 1

32
of the original input is upsampled to 1

8
with two-level Invert Discrete Wavelet Transform (IWT). Finally the two branches are

fused with multi-scale features and optimized with the base cross-entropy losses Lseg , auxiliary loss Laux, as well as a Wavelet Smooth
Loss (WSL) to reconstruct the original input with the help of a super-resolution head. The modules within dot lines are removed during
inference.

notators to cover up or discard any sensitive information in
a scene, including time and address watermarks in videos,
phone numbers, and addresses on the shops or walls. The
primary purpose of this paper is to facilitate the develop-
ment of this field to the community better. We try to provide
a more large-scale, fine-grained and challenging dataset for
future researches. All researchers who ask for the dataset
should follow the Data Usage Protocol under the legal pro-
tection provided by us [38].

4. WSDNet
4.1. Network Architecture

As shown in Figure 2, WSDNet consists of a deep branch
D and a shallow branch S. S contains fewer layers without
any down-sampling or cropping operations on input UHR
image to harvest all spatial details while preserving high
inference speed. Following ISDNet [12], the original in-
put RGB image I is replaced with high-frequency residuals
{H}ni=0:

Hi = gi(I)− U(gi+1(I)) (2)

where g(·) denotes Gaussian blur, U(·) denotes the upsam-
pling operation. The original outputs are two feature maps
with 1

8 and 1
16 of the original image, and the 1

16 feature map
is then up-sampled to add to 1

8 feature map for final output.
D is a deep network responsible for learning category-

wise context, and input the 1
4 down-sampled UHR image

for faster inference speed and lower memory occupation.

Instead of naive down-sampling in ISDNet, we are intended
to exploit an invertible downsampling operation to preserve
the original image details with less information loss, and
wavelet transform (DWT) is considered. Wavelet trans-
form is a fundamental time-frequency analysis method that
decomposes input signals step by step into different fre-
quency subbands to address the aliasing problem. In par-
ticular, Discrete Wavelet Transform (DWT) [39] enables in-
vertible down-sampling by transforming input image I into
four discrete wavelet subbands I1, I2, I3, I4 with four filters
(fLL, fLH , fHL, fHH )

I1 = (fLL ⊗ I) ↓ 2, I2 = (fLH ⊗ I) ↓ 2

I3 = (fHL ⊗ I) ↓ 2, I4 = (fHH ⊗ I) ↓ 2.
(3)

where ⊗ is the convolution operation. I1 represents all low-
frequency information describing the basic object structure
at coarse-grained level. I2, I3, I4 include high-frequency in-
formation retaining the object texture details at fine-grained
level [40]. In this way, various levels of image details are
preserved in different subbands of lower resolution with-
out information dropping. Although down-sampling op-
eration is used, due to the good biorthogonal property of
DWT, the original image I can be reconstructed by the In-
verse Discrete Wavelet Transform (IWT) [39], i.e., I =
IWT (I1, I2, I3, I4). When integrated to CNN, the DWT-
IWT paradigm is able to preserve more spatial and fre-
quency information than ordinary downsampling methods.

The subband images I1, I2, I3, I4 can be further pro-
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cessed with DWT to produce the decomposition results. For
two-level DWT, each subband image Ib(b ∈ [1, 4]) is de-
composed into four subband images Ib,1, Ib,2, Ib,3, Ib,4. Re-
cursively, the results of higher levels DWT can be attained.
In D, we integrate two-level DWT with CNN block to ob-
tain the 1

4 down-sampled input image, followed by the deep
network. The output is 1

32 feature map rich in high-level
category-wise context, and then up-sampled to 1

8 feature
map with two-level IWT. In this way, the output of D has
the same size with the output of S, so they can be naturally
fused and no extra special fusion module is required, such
as the heavy RAF module in ISDNet. This further acceler-
ates the inference and decreases the memory cost.

4.2. Wavelet Smooth Loss

In order to further weaken the affect of down-sampled
low-resolution input in D, a super-resolution head is added
after the 1

8 output of D to reconstruct the original input. In-
stead of an ordinary super-resolution loss that formulates
a hard reconstruction constrain, we propose the Wavelet
Smooth Loss (WSL) to optimize the reconstruction pro-
cess with a soft and smooth constrain, by reconstructing
the super-resolution output Irec in frequency domain. More
comprehensively, we apply L-level DWT to I and Irec re-
spectively, and obtain their low- and high-frequency sub-
bands. The L1 regularization, not the L2 regularization, is
used to constrain the high-frequency subbands. Because we
prefer to align the texture distribution between I and Irec,
rather than specific frequency values, but gradient of L2 reg-
ularization is closely related to the values, while the gradi-
ent of L1 regularization is independent. This type of smooth
constraint can make the texture distribution of the output
from D consistent with the input, and avoid the over-fitting
caused by the exact numerical alignment in L2 regulariza-
tion.

On the contrary, since low-frequency subbands represent
the basic objects structure details, we exploit L2 regulariza-
tion to make the spatial structured details of the output fit
the ones of input as closely as possible, driving D to pre-
serve more spatial information. Overall, the WSL consists
of the above two parts and is formulated as,

Lwsl =

L∑
l=1

4l∑
b=1

(λ1||Il,b;1 − Irecl,b;1||2+

λ2

4∑
i=2

||Il,b;i − Irecl,b;i||1).

(4)

where Il,b;1 denotes the low-frequency subband after l-th
DWT, Il,b;i denotes the i-th high-frequency subband after l-
th DWT. Irecl,b;1, Irecl,b;i and so on. λ1, λ2 are the weights of the
low-frequency and high-frequency constrains respectively.

4.3. Optimization

In addition, the standard cross-entropy loss is also used
for both the final segmentation results (Lseg) and the auxil-
iary segmentation head after D (Laux). So the overall loss
L is:

L = Lseg + λ3Laux + Lwsl. (5)

where λ3 is the weight of Laux. Noted that both the recon-
struction head and segmentation head in D are only used
during training, and will be removed in inference stage,
which are indicated with dot lines in Figure 2.

5. Experiments
5.1. Datasets and Evaluation Metrics

We perform extensive experiments on DeepGlobe, Inria
Aerial and URUR dataset to validate WSDNet. In addition
to URUR, we describe the former two datasets as follows.
DeepGlobe. The DeepGlobe dataset [4] has 803 UHR im-
ages (455, 207 and 142 for training, validation and testing
respectively). Each image contains 2448× 2448 pixels and
seven classes of landscape regions, where one class called
“unknown” is not considered in the evaluation. Follow-
ing [10, 11], we split images into training, validation and
testing sets with 455, 207, and 142 images respectively.
Inria Aerial. The Inria Aerial [8] has 180 UHR images
(126, 27 and 27 for training, validation and testing respec-
tively). Each image contains 5000× 5000 pixels and is an-
notated with a binary mask for building/non-building areas.
This datasets covers diverse urban landscapes, ranging from
dense metropolitan districts to alpine resorts. Unlike Deep-
Globe, it splits the training/test sets by city. We follow the
protocol as [10, 11] by splitting images into training, vali-
dation and testing sets with 126, 27, and 27 images, respec-
tively.
Evaluation Metrics. Intersection-over-Union (mIoU), F1
score, Accuracy and Frames-per-second (FPS) are used to
study the effectiveness and inference speed.

5.2. Implementation Details

We adopt the mmsegmentation [41] toolbox as code-
base and follow the default augmentations without bells
and whistles. D and S can be any usual segmentation net-
works, here we exploit DeepLabV3+ [20] with ResNet18
and STDC [32] respectively. For fairness comparison, we
set the same training settings as [12]: SGD with momen-
tum 0.9 for all parameters are used, the initial learning rate
is configured as 10−3 with polynomial decay parameter of
0.9, batch size is 8 and the maximum iteration number are
set to 40K, 80K and 160K on DeepGlobe, Inria Aerial and
URUR respectively. In Equation 5, λ1 = 1, λ2 = 0.8, λ3 =
0.1, L = 3. We use the command line tool “gpustat” to mea-
sure the GPU memory. Memory and Frames-per-second
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(FPS) are measured on a RTX 2080Ti GPU with a batch
size of 1, which is also same as [12].

5.3. Comparison with State-of-the-arts

We compare WSDNet with representative generic and
UHR segmentation methods. Since most of generic meth-
ods have not specially designed for UHR images, there are
two inference paradigms: (1) Global Inference: inference
model with the down-sampled global images. (2) Local In-
ference: inference model with the cropped patches by mul-
tiple times then merge their results.
DeepGlobe. Although DeepGlobe is not strictly an UHR
dataset, we still follow previous works and use it as a ref-
erence to validate the effectiveness of WSDNet. Compared
with both generic and UHR models in Table 2, WSDNet
achieves excellent balance between mIoU, F1, accuracy,
memory and FPS. In concrete, due to multiple patch in-
ferences, the overall inference speed of GLNet [10] and
FCtL [11] is very low. Compared with ISDNet, WSDNet
removes the heavy RAF module thus the inference speed
is further increased from 27.7 to 30.3. Moreover, benefited
from the DWT-IWT paradigm and WSL, the performance
is also further improved.
Inria Aerial. Inria Aerial is an actual UHR dataset with size
5,000×5,000 thus more convincing to prove the superiority.
It is only annotated one category of building and Table 3
shows the comparisons. WSDNet also achieves the better
balance among all metrics.
URUR. Due to ultra-high resolution, ultra-rich fine-grained
annotations and ultra-diversity of land cover types, URUR
is the most challenging UHR datasets so far, compared to
all other datasets. As shown in Table 4, WSDNet also out-
performs existing methods by a very large margin on mIoU,
while preserving higher inference speed.

5.4. Ablation Study

In all ablation studies, we perform experiments on
URUR test set to validate the effectiveness of each com-
ponent.

5.4.1 Comparison of downsampling methods

We compare the different types of downsampling meth-
ods in Table 5. The baseline type uses an ordinary uni-
form downsampling in the form of bilinear interpolation.
We also attempt to realize the downsampling process by
a multi-level CNN module with a combination of several
convolution and pooling layers. Then an adaptive down-
sampling method based on deformable convolution [48] is
also tried. Experimental results show DWT-IWT paradigm
achieves the best performance on mIoU and considerable
inference speed, proving that DWT-IWT paradigm can pre-
serve higher performance for the input in deep branch than

Generic Models mIoU
(%)↑

F1
(%)↑

Acc
(%)↑

Mem
(M)↓

FPS
↑

Local Inference
U-Net [42] 37.3 - - 949 1.26
DeepLabv3+ [20] 63.1 - - 1279 1.60
FCN-8s [18] 71.8 82.6 87.6 1963 4.55

Global Inference
U-Net [42] 38.4 - - 5507 3.54
ICNet [30] 40.2 - - 2557 5.3
PSPNet [19] 56.6 - - 6289 1.0
DeepLabv3+ [20] 63.5 - - 3199 4.44
FCN-8s [18] 68.8 79.8 86.2 5227 7.91
BiseNetV1 [43] 53.0 - - 1801 14.2
DANet [44] 53.8 - - 6812 2.3
STDC [32] 70.3 - - 2580 14.0

UHR Models

CascadePSP [35] 68.5 79.7 85.6 3236 0.11
PPN [45] 71.9 - - 1193 12.9
PointRend [46] 71.8 - - 1593 6.25
MagNet [47] 72.9 - - 1559 0.80
MagNet-Fast [47] 71.8 - - 1559 3.40
GLNet [10] 71.6 83.2 88.0 1865 0.17
FCtL [11] 72.8 83.8 88.3 3167 0.13
ISDNet [12] 73.3 84.0 88.7 1948 27.7
WSDNet 74.1 85.2 89.1 1876 30.3

Table 2. Comparison with state-of-the-arts on DeepGlobe test set.
“Acc”, “Mem” indicates “Accuracy”, “Memory” respectively, the
same below

Generic Models mIoU
(%)↑

F1
(%)↑

Acc
(%)↑

Mem
(M)↓

FPS
↑

DeepLabv3+ [20] 55.9 - - 5122 1.67
FCN-8s [18] 69.1 81.7 93.6 2447 1.90
STDC [32] 72.4 - - 7410 4.97

UHR Models

CascadePSP [35] 69.4 81.8 93.2 3236 0.03
GLNet [10] 71.2 - - 2663 0.05
FCtL [11] 73.7 84.1 94.6 4332 0.04
ISDNet [12] 74.2 84.9 95.6 4680 6.90
WSDNet 75.2 86.0 96.0 4379 7.80

Table 3. Comparison with state-of-the-arts on Inria Aerial test set

the ordinary down-sampling.

5.4.2 Effectiveness of WSL

Table 6 shows the effectiveness of proposed WSL. The
baseline is the cross-entropy loss Lseg and auxiliary loss
Laux. Then we add the ordinary super-resolution loss in
[12] and the proposed WSL respectively. Experimental re-
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Generic Models mIoU
(%)↑

Acc
(%)↑

Mem
(M)↓

FPS
↑

PSPNet [19] 32.0 - 5482 1.86
DeepLabv3+ [20] 33.1 - 5508 1.97
STDC [32] 42.0 - 7617 4.31

UHR Models

GLNet [10] 41.2 71.5 3063 0.04
FCtL [11] 43.1 73.8 4508 0.03
ISDNet [12] 45.8 75.6 4920 6.31
WSDNet 46.9 76.8 4560 7.13

Table 4. Comparison with state-of-the-arts on URUR test set

Downsampling mIoU(%) FPS

uniform downsampling 45.1 7.65
multi-level CNN 45.8 5.62
adaptive downsampling 46.0 4.96
multi-level DWT 46.9 7.13

Table 5. Comparison with different down-sampling methods.

Loss Function mIoU(%)

baseline(Lseg & Laux) 45.2
baseline + Lsr & Lsd 45.9
baseline + Lwsl 46.9

Table 6. Effectiveness of loss functions.

sults show WSL achieves highest performance, proving the
effectiveness of the smooth constrain in frequency domain.

5.4.3 Quantitative Results

To show the effectiveness of WSDNet intuitively, we visu-
alize and compare the results of several methods in Figure
3.

6. Conclusion
The paper firstly proposes URUR, a large-scale dataset

covering a wide range of scenes with full fine-grained
dense annotations. It contains amounts of images with high
enough resolution, a wide range of complex scenes, ultra-
rich context and fine-grained annotations, which is far su-
perior to all the existing UHR datasets. Furthermore, WS-
DNet is proposed to formulate a more efficient framework
for UHR segmentation, where DWT-IWT paradigm is in-
tegrated to preserve more spatial details. Wavelet Smooth
Loss (WSL) is designed to reconstruct original structured
context and texture distribution. It is more concise, effec-
tive and stable than ordinary super-resolution loss. Exten-

	����	� 
������� �������� �������������

Figure 3. Visual improvements on URUR dataset: (a) part of orig-
inal UHR images, (b) ISDNet, (c) WSDNet, (d) Groundtruth. Our
method produces more accurate and detailed results, which are in-
dicated by dotted boxes

sive experiments show the remarkable superiority of URUR
and WSDNet.

7. Broader Impact
Ultra-high image analysis has broadened the field of

AI and Computer Vision researches, as well as poses ex-
treme demands and challenges for models about both accu-
racy, inference speed and memory cost. Our work pushes
the boundaries of Ultra-high image analysis. The URUR
dataset build a new standard UHR benchmark for the com-
munity, which will benefit a wide range of natural disaster
prevention, land resources utilization and urban construc-
tion planning applications. The design of WSDNet can be
generalized to the UHR “Complicated Wild Scene Under-
standing”. Even with these achievements, we realize that
our work is not meant to be perfect, and there are still un-
predictable challenges in the real world, depending on the
specific application forms. In addition, our method can still
help the research of natural scenes, from a more holistic and
fine-grained perspective.
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