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Abstract—Semantic segmentation methods based on deep
neural networks have achieved great success in recent years.
However, training such deep neural networks relies heavily on a
large number of images with accurate pixel-level labels, which
requires a huge amount of human effort, especially for large-scale
remote sensing images. In this paper, we propose a point-based
weakly supervised learning framework called the deep bilateral
filtering network (DBFNet) for the semantic segmentation of
remote sensing images. Compared with pixel-level labels, point
annotations are usually sparse and cannot reveal the complete
structure of the objects; they also lack boundary information,
thus resulting in incomplete prediction within the object and
the loss of object boundaries. To address these problems, we
incorporate the bilateral filtering technique into deeply learned
representations in two respects. First, since a target object
contains smooth regions that always belong to the same category,
we perform deep bilateral filtering (DBF) to filter the deep
features by a nonlinear combination of nearby feature values,
which encourages the nearby and similar features to become
closer, thus achieving a consistent prediction in the smooth region.
In addition, the DBF can distinguish the boundary by enlarging
the distance between the features on different sides of the edge,
thus preserving the boundary information well. Experimental
results on two widely used datasets, the ISPRS 2-D semantic
labeling Potsdam and Vaihingen datasets, demonstrate that our
proposed DBFNet can achieve a highly competitive performance
compared with state-of-the-art fully-supervised methods. Code is
available at https://github.com/Luffy03/DBFNet.

Index Terms—Bilateral filtering, point annotations, remote
sensing, semantic segmentation, weakly-supervised learning.
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Fig. 1. Illustration of the proposed problem. (a) is a target image, (b) and (c)
are the corresponding pixel-level labels and point-level labels, respectively.
In this paper, we train the semantic segmentation network using the point
annotations (c) instead of the pixel-level labels (b).

I. INTRODUCTION

SEMANTIC segmentation is one of the most fundamental
and challenging tasks in remote sensing image (RSI)

interpretation. The goal is to assign the corresponding pixel-
wise semantic label to each pixel for a given RSI. In par-
ticular, semantic segmentation in very-high-resolution (VHR)
and large-scale RSIs plays an increasingly significant role in
many applications, such as environmental monitoring [1], [2],
agriculture [3], [4], urban planning [5], [6], and land cover
classification [7].

In RSI segmentation, the typical methods can be generally
divided into two groups: handcrafted feature-based methods
and deep neural network (DNN) methods. The handcrafted
feature-based methods manually design features and classi-
fiers for RSI segmentation. The simple linear iterative cluster
(SLIC) algorithm [8] is the most widely used of these meth-
ods, and adapts a k-means clustering approach to efficiently
generate superpixel features, segmenting the images into small
regions grouped by neighboring pixels. Liu [9] proposes
a new objective function and a novel graph construction
for superpixel segmentation. Radman [10] proposes a robust
SVM-HOG model, using GrowCut segmentation to extract
handcrafted features. After extracting the handcrafted features,
the Markov model [11] and region adjacency graph [12] model
are used to merge the most similar adjacent regions. However,
spectral features are rather complicated in VHR RSIs, and
thus these methods may lead to larger intra-class variance and
smaller inter-class variance [13].

With the success of deep learning [14]–[17], semantic
segmentation methods based on DNN [18]–[23] have made
great progress recently, both in natural scenes and remote
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Fig. 2. Issues addressed by the proposed method: (a) DBFNet filters the features so they become closer, aiming to not only map the samples with a label,
but also map the nearby and similar samples to specific categories; (b) DBFNet aims to enlarge the distance between the features at the edge, and then
distinguishes the features near the boundary without any prior.

sensing scenes. However, unlike the natural images taken at a
close range, the scale of RSIs is inconsistent. Especially for
small-scale land covers, features may be lost with the decrease
of spatial resolution, leading to poor segmentation results.
Considering this characteristic of RSIs, some research works
construct networks based on multi-scale feature aggregation.
Nogueira [24] employs dilated convolution [17] to enhance
context information for feature aggregation. Maggiori [25]
merges multi-scale features from distinct (shallow or deep)
layers. To better refine the boundaries in RSIs, Li [26] intro-
duces a boundary attention module (BA-module) to capture
land-cover boundary information from hierarchical features
aggregation. In general, the DNN-based methods can surpass
the traditional approaches by a large margin.

Most DNN-based semantic segmentation methods rely on a
huge number of pixel-level labels for fully-supervised training.
However, for large-scale RSIs, collecting accurate annotations
of pixel-level labels is very difficult, requiring considerable
financial resources and human effort. Recently, to decrease
the amount of human intervention needed for training models,
weakly-supervised learning (WSL) methods [27]–[29] have
been proposed for semantic segmentation. These methods use
other kinds of convenient labels, i.e., image-level labels, point
annotations, scribbles, and bounding-box. In general, most of
the WSL methods are designed for natural images, and few
of them are available for RSIs. This is because unlike a target
object, which always covers most of the area in a natural
image, different categories of objects are often distributed
in different regions of the large-scale RSIs. Therefore, it is
very difficult to only employ image-level labels to retrieve the
location of the objects in RSIs. In addition, creating scribble
labels or bounding-box labels is difficult and laborious for
large-scale RSIs.

Based on the above considerations, in this paper, we in-

vestigate the possibility of training a WSL model with point
annotations for semantic segmentation in RSIs. As shown
in Fig. 1, we assigned only one point for one object in an
RSI for supervision in the training process, which is more
convenient to create than other weak annotations, i.e., scribbles
and bounding-box. The point annotations can tell us not only
the categories of objects the image contains but also the
locations of these objects. However, the point annotations are
not sufficient for providing strong supervision. Specifically,
the weak point annotations may cause two main problems.
First, with only one point for one object, the sparse point
annotations cannot reveal the complete structure of the objects,
which may lead to blurred estimations. In addition, the point
annotations lack boundary information, resulting in the wrong
segmentation in the boundary area.

To address these two problems, we propose a point-based
WSL framework called the deep bilateral filtering network
(DBFNet) for the semantic segmentation of RSIs. Specifically,
deep bilateral filtering (DBF) is inspired by the classical
bilateral filtering (BF) algorithm in [30], which aims to smooth
images and preserve edges. Our DBFNet extracts deep features
with a CNN-based encoder and then performs DBF to trans-
form the deep features. The illustration of our issues is shown
in Fig. 2. First, since the target object always contains a smooth
internal, and thus a smooth region always belongs to the same
category. It is optimal for the distribution of the features in the
smooth region to be closer. Therefore, our DBF is employed
to filter the deep features using a nonlinear combination of
nearby feature values, aiming to encourage the nearby and
similar features to become closer aiming to make consistent
and high-confidence predictions within the smooth region.
In addition, similar to the traditional BF, which can smooth
images while preserving the edges, our DBF is employed to
enhance the boundary distinction in high-dimension feature
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levels. Our DBF filters the features and enlarges the distance
between the features on different sides of the edge, aiming
to distinguish the features near the boundary, thus achieving
better estimations in the boundary area.

The remainder of this paper is organized as follows: Section
II reviews related works. Section III describes the details of
our proposed method. Section IV conducts experiments to
verify the effectiveness of the proposed method and compare
its performance with that of other methods. Finally, we discuss
the conclusions of the paper in Section V.

II. RELATED WORK

A. Weakly-Supervised Semantic Segmentation
Weakly-supervised semantic segmentation has also achieved

great progress, with several methods proposed recently. Most
of these methods focus on the most challenging problem by
only using image-level labels for semantic segmentation. The
main difficulty is recovering the precise spatial information
from only image-level labels. To this end, most existing
works usually rely on a class activation map (CAM) [31]:
the CAM is used to identify the most discriminative regions of
objects while cross-image semantic similarities and differences
are exploited to constrain the predicted CAMs. Based on
CAM, SEC [27] introduces three loss functions called seeding,
expansion, and boundary constraint losses to expand the initial
seeds and train the segmentation model. Some other methods
[28], [29], [32], [33] have further developed the region growing
strategy to improve the quality of segmentation labels.

Furthermore, works in [34], [35] utilize point annotations
to train segmentation models that can achieve object segmen-
tation for images and videos. Introducing extra information
for well-defined loss functions and backpropagation can be
another potential way for weakly-supervised learning. Works
in [36], [37] propose to introduce the low-level affinity of
the original images to supervise the segmentation predictions,
which have achieved promising results in natural scenes. How-
ever, since different categories of objects are often distributed
across large-scale RSIs, this low-level affinity is not obvious in
large-scale RSIs. Thus, for point-supervised semantic segmen-
tation in RSIs, it is very difficult to utilize this kind of prior
information to design well-defined loss functions for effective
backpropagation.

More recently, several works [38]–[40] have adopted a
multi-stage approach, i.e., first generating coarse pseudo seg-
mentation labels, then using the pseudo labels to train existing
segmentation models. These methods tend to be recursive-
style, employing multiple models, training cycles, and off-
the-shelf saliency methods. The typical AffinityNet [29] learns
semantic affinities among adjacent pixels and then generates
high-quality pseudo labels by transferring the semantics of
known pixels to their adjacent unknown pixels. In addition,
works in [41]–[44] have introduced the single-stage semantic
segmentation model, but the results did not surpass the state-
of-the-art multi-stage methods.

WSL methods are also used in RSI interpretation. Li [45]
proposes a weakly-supervised building extraction framework
that utilizes image-level tags to extract CAM maps for su-
pervision. Lian [46] proposes a patch-based DNN supervised

Fig. 3. Images before bilateral filtering (a) and after bilateral filtering (b). (c)
is the corresponding ground truth segmentation label. Please see the boundary
between the road and the low vegetation, shown in the red box. (d): Histogram
(solid) of image intensities is without filtering for (a), and histogram (dash)
represents (b) with filtering. As a result, we conclude that the BF can smooth
similar regions while preserving the edges.

by point annotations for road segmentation. However, these
previous works are proposed for simple two-class segmen-
tation tasks, which cannot be applied to multi-class semantic
segmentation tasks. Hua [47] further utilizes scribble and poly-
gon annotations to train segmentation models, but obtaining
scribble and polygon annotations is very laborious. Semi-
supervised learning methods [48]–[51] are also widely applied
in RSI semantic segmentation, which leverage partial fully-
annotated labeled images and adequate unlabeled images for
training. However, it is very expensive to obtain the fully-
annotated labeled images for training a model. In this work, we
explore the potential of weak point annotations for semantic
segmentation in RSIs.

Note that, the accuracy of the aforementioned methods is
much lower than that of the fully-supervised learning (FSL)
methods, and may not be sufficient for practical applications.

B. Bilateral filtering

Bilateral filtering (BF) was first proposed in [30] as a
method to smooth images and preserve edges through a non-
linear combination of nearby pixel values. The BF combines
gray levels or colors based on both their geometric closeness
and their photometric similarity and prefers near values to
distant values in both domain and range. A simple case of
bilateral filtering is shift-invariant Gaussian filtering, in which
both the closeness function c(ε, x) and similarity function
s(ϕ, f) are Gaussian functions of Euclidean distance between
their arguments. More specifically, c is radially symmetric as:

c(ε, x) = e
− 1

2 (
d(ε,x)

σd
)2 (1)

where
d(ε, x) = d(ε− x) =∥ ε− x ∥ (2)

is the Euclidean distance between ε and x. The similarity
function s is perfectly analogous to c:

s(ϕ, f) = e−
1
2 (

δ(ϕ,f)
σr

)2 (3)

where
δ(ϕ, f) = δ(ϕ− f) =∥ ϕ− f ∥ (4)

is a suitable measure of distance between the two intensity
values ϕ and f . The terms σd and σr represent the geomet-
ric spread and photometric spread, respectively, and can be
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Fig. 4. The framework of the DBF module. A feature map with size C ×H ×W is transformed in this figure.

calculated or defined manually. Fig. 3 shows how BF affects
an image. As can be seen, BF encourages the values of the
pixels in the smooth region to get closer, while preserving the
sharp edge by enlarging the distance between the pixels from
different sides of the edges.

In this paper, we propose a Deep Bilateral Filtering Network
(DBFNet) for point-supervised semantic segmentation in RSIs,
which incorporates the traditional BF technique into DNN.
However, it is inappropriate to combine the traditional BF
with the DNN in a straightforward manner. Specifically, the
main problems for such a straightforward combination are as
follows:

1) The traditional BF employs a Gaussian filter with a
closeness function c to measure the closeness between
different pixels in the whole image. However, this
function needs to calculate all of the pixels across the
whole image, which requires a huge amount of costly
computation to train a large number of images with
DNN. Thus, a straightforward combination of traditional
BF into DNN is infeasible and inappropriate.

2) The traditional BF method filters images with origi-
nal sizes. However, DNNs always extract multi-scale
features with different sizes. Thus, the straightforward
combination of traditional BF and DNN cannot perform
effective filtering for these multi-scale features. It is
important to design specific filtering methods to adapt
these multi-scale features.

3) The traditional BF is a time-consuming iterative process,
which would entail a huge amount of costly computation
to train a large number of images with DNN. This is
another reason why it is inappropriate to incorporate tra-
ditional BF into DNN using a straightforward approach.
As in the development of many algorithms in this field,

it is important to consider the balance between time
consumption and filtering iterations.

Thus, instead of utilizing straightforward combination, we
have designed several specific mechanisms in our proposed
DBFNet to address the above three issues, as details in Section
III.

III. PROPOSED DBFNET METHOD

In this section, we first introduce our observations and the
overall ideas of our proposed DBFNet. Then, we give the
details of the proposed DBFNet for point-supervised semantic
segmentation. Finally, we introduce how to train the proposed
models. The framework of the DBFNet is shown in Fig. 4.

A. Underlying Concept of DBFNet

In this work, we focus on the problem of using only point
annotations to train a semantic segmentation model. As shown
in Fig. 1, the training dataset contains input images with
corresponding point annotations. When assigning one point for
one object, there are only a few points in the labels that contain
information useful for supervision; the rest are considered to
be background without any information. Therefore, the key
challenge lies in exploiting the extremely small amount of
information from the point annotations. Inspired by the BF
algorithm [30], we try to address the problem in two ways.
The illustration of the issues that we propose to solve is shown
in Fig. 2.

First, as mentioned in section I, sparse point annotations
cannot reveal the complete structure of objects. However,
we find that in RSIs, the internal structure of a complete
object is almost smooth, which means that within a smooth
region, these similar pixels can be considered to be in the
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Fig. 5. The overall framework of our proposed DBFNet.

same category. Therefore, we encourage the distributions of
the learned deep features in the smooth region to be closer,
enabling a consistent and high-confidence prediction with
the spatial-closed and value-similar pixels. The key point
is, unlike the fully-supervised learning methods in which all
samples with corresponding labels can be mapped to a specific
category, in point-supervised learning, only a single sample
with point annotation can be assigned to a particular category.
Our DBFNet can smooth the model-learned feature while
simultaneously discarding the nuisance values. As shown in
Fig. 2(a), we perform our proposed DBFNet to aggregate the
nearby and similar features using a nonlinear combination
of nearby feature values, achieving a closer model learned
distribution. By enforcing closed distributions, both the sample
with point annotation and also the nearby and similar samples
can be mapped to the semantic category represented by the
point annotation.

Second, without any boundary information from our point
annotations, it is difficult to refine the complete and sharp
boundaries of objects. The classical BF algorithm [30] can
preserve the edges by considering geometric closeness and
similarity of pixels. Inspired by this observation, our proposed
DBFNet applies the BF to the deeply learned representation
with the intention of enlarging the distance between the
transformed features on different sides of the edge. As shown
in Fig. 2(b), DBFNet is applied to filter and differentiate
the features at the edge, aiming to distinguish the boundary.
In addition, compared with the conventional BF, DBFNet
conducts bilateral filtering at a high-dimensional feature level,
which can obtain more robust representations. In this case, we
decrease the influence of the lack of boundary information and
improve the boundary refinement in the segmentation map.

B. Architecture of DBFNet

1) Deep Bilateral Filtering Module: Given an input image,
we first extract deep CNN features XXX ∈ RC×H×W with the
encoder network, where C indicates the number of channels
and H and W represent the height and width, respectively.
The DBF module then converts XXX to filtered features YYY ∈
RC×H×W , as shown in Fig. 4. Note that the size of the
transformed feature YYY is the same as XXX .

Unlike the classical BF method [30], we do not compute the
closeness function for all the positions in XXX , which consumes a
great deal of computation and GPU memory. Instead, we adopt

a dilated 3× 3 convolutional operation as the filter to capture
the contextual information for the objects. Similar to the work
in [23], we utilize different rates of convolution, where the
rates relate to the distance d between the nearby positions and
the target neighborhood center p. The filters with different d
allow us to arbitrarily enlarge the view and easily consider
multi-scale objects.

After collecting the values from nearby positions, we com-
pute the similarity s between the target neighborhood center
and its neighbor positions ξ. More specifically,

s = e(−d(ξ,p)), (5)

where
d(ξ, p) =∥ ξ − p ∥ (6)

where d represents the sum of C channels’ Euclidean distance
between the nearby positions ξ and the target neighborhood
center p. Note that we do not calculate the variance of the
neighborhood values, since it is time-consuming in high-
dimensional space. Finally, the values of s are used as the
weights to build the filter kernel KKK.

With the filter kernel KKK, the DBF module reassembles the
features within a local neighbor region NNN via the function
ϕ. We adopt a simple form of ϕ, which is just a weighted
sum operator. For the target neighborhood center p and the
corresponding neighbor region NNN with 3 × 3 positions, the
reassembly is shown as follows:

p
′
=

1

n

n∑
i=1

si · ξi, (7)

where in a 3 × 3 size region, n is set as eight. The terms si
and ξi represent the weight and the value of the ith nearby
position, respectively. The p

′
is the new target neighborhood

center transformed from p.
With the filter kernel KKK, each position in the region NNN

contributes to the target center p
′

differently, based on the
different similarity s. The feature YYY filtered by our DBF can
be more discriminative than the original feature XXX , since the
information from relevant points in a neighbor region NNN can
be effectively utilized. In addition, as mentioned in Section III-
A, our DBF module can cluster the nearby and similar features
while preserving the edges of the objects in high-dimension
space, thus obtaining more coherent segmentation predictions.
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Fig. 6. The settings of the DBF modules in the training process.

2) Multi-scale DBFNet with FPN: To adapt to different
scale objects in remote sensing images, we propose to utilize
multi-scale DBFNet with the feature pyramid network (FPN)
[52]. As our encoder, the FPN can extract multi-scale and rich
semantic features.

Specifically, the FPN extracts four feature maps
X1X1X1,X2X2X2,X3X3X3, and X4X4X4 from the input image; their respective
resolutions are 1/4, 1/8, 1/16, 1/32 of the input resolution.
Next, each of the four feature maps is transformed by our
DBF module independently, as shown in Fig. 5. Since these
feature maps are in different resolutions, the transformed
features Y1Y1Y1,Y2Y2Y2,Y3Y3Y3, and Y4Y4Y4 also have different scales. Next,
we interpolate Y2Y2Y2,Y3Y3Y3,, and Y4Y4Y4 to the size of Y1Y1Y1, and fuse these
features by concatenation. After concatenation, we employ
another DBF module to refine the final segmentation map.

Since these feature maps have different scales, in the
training process, we apply different settings of DBF module
to different-scales feature maps. Fig. 6 shows the training
settings for the DBF modules M1M1M1,M2M2M2,M3M3M3,M4M4M4,and M5M5M5,
where M1M1M1,M2M2M2,M3M3M3, and M4M4M4 are the DBF modules applied
to X1X1X1,X2X2X2,X3X3X3,X4X4X4 and M5M5M5 represents the last DBF module.
For the higher-resolution feature map (e.g., X1X1X1), we utilize
more filters of multi-rates to capture more information. For
the low-resolution feature map (e.g., X4X4X4), we employ a small-
rate filter to build the corresponding DBF module. Note that
to accelerate the prediction, we set only one filter with one
rate for all of the DBF modules in the testing process. Hence,
the settings for the DBF modules are different in the training
process are different from those in the testing process.

In addition, the proposed DBF can be iterative as the BF,
which means we can set different iterations for the DBF.
However, we should note that more iterations will consume
more time, so it is vital to balance the trade-off between
iterations and time. In the training process, iteration is set to 1
time for quicker training, while 3 times is the best parameter
in the testing process.

C. Training of DBFNet

1) Loss function: For semantic segmentation, we adopt a
standard cross-entropy loss function on the final predictions.
The segmentation loss Lseg is denoted as:

Lseg =
∑
i,j

CE(y, y
′
)

= − 1

n

num∑
j

cls∑
i

[yjilog(y
′

ji) + (1− yji)log(1− y
′

ji)],

(8)
where num denotes the total number of samples with labels,
and cls represents the total number of categories. In addition,
y and y

′
represent the segmentation ground truth (GT) and

the segmentation predictions, respectively. Note that our GT
is the point annotations; most of the samples are non-labeled
backgrounds. Therefore, we only calculate the loss with the
labeled pixels and ignore the background, which means num
is a small number.

In addition, the point annotations can tell us all of the
categories in the input image. We then set a penalty Lpenal

to enforce the network not to predict non-existent categories,
which means the model should not predict a building when
the image does not contain the building category. The penalty
Lpenal is described as:

Lpenal = −
cls∑
i

(1− yi)

num∑
j

log(1− yji). (9)

Therefore, the total loss Ltotal is combined by Lseg and Lpenal

as

Ltotal = Lseg + Lpenal (10)

2) Recursive learning: Recursive training (RL) is a com-
mon training strategy in weakly-supervised semantic segmen-
tation, in which the trained model is applied to the training
dataset recursively; the output of the network is closer to
the real label than the original weakly-supervised model’s
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predictions. As described in Section II-C, most WSL methods
for semantic segmentation employ multi-stage training by
using multiple training rounds.

As an option, in this paper, we use RL to refine the
segmentation predictions of our DBFNet. The first step is to
use point annotations to train the DBFNet. The DBFNet can
generate pseudo labels for the training dataset. The second step
is to train a standard semantic segmentation network utilizing
the generated pseudo labels, since the pseudo labels can
provide more information than the original point annotations.
The newly trained model from the second step can be used to
generate new pseudo labels, which means the RL can work
recursively. However, the generated pseudo labels inevitably
have a great deal of noise. Therefore, the RL strategy can only
provide limited improvement in accuracy. We will discuss the
RL’s impact in detail in the following section.

IV. RESULTS OF EXPERIMENTS

To verify the effectiveness of the proposed method, we
conducted extensive experiments on two well-known RSI se-
mantic segmentation benchmarks: the Potsdam and Vaihingen
semantic labeling datasets released by ISPRS 2D Semantic
Labeling Challenge. In this section, we first introduce the
datasets, the evaluation metrics settings, and the implemen-
tation details. Then we perform detailed extensive ablation
experiments on the Potsdam dataset. Finally, we report our
results on the two datasets.

A. Datasets

1) Potsdam: The Potsdam dataset consists of 38 tile aerial
images (6000 × 6000 pixels) with NIR-R-G-B channels to-
gether with DSM and normalized DSM. Note that we only
use the R-G-B bands for training and testing. There are 24
images in the training set and 14 in the test set. This dataset
includes five foreground object classes and one background
class.

2) Vaihingen: The Vaihingen dataset contains 33 orthorec-
tified image tile mosaics with three spectral bands (red, green,
and near-infrared). Each image has a corresponding DSM with
the same spatial resolution of 9cm. Among them, 16 tiles with
GT labels are used for training and the remaining 17 images
for testing; this dataset has the same six categories as the
Potsdam dataset.

B. Evaluation Metrics

To evaluate the performance of the proposed method, we
employed the overall accuracy OA and the F1 scores for the
five foreground object classes with the following formulas:

OA =
TP + TN

Num
(11)

OA =
TP

TP + FP
(12)

recall =
TP

TP + FN
(13)

TABLE I
ABALATION STUDY FOR DBFNET ON THE POTSDAM TEST DATASET

Method M1M1M1 M2M2M2 M3M3M3 M4M4M4 M5M5M5 mF1 (%) OA (%)
Baseline (FPN) 69.27 69.54

DBFNet ✓ 78.32 78.73
DBFNet ✓ ✓ 79.85 80.03
DBFNet ✓ ✓ ✓ 82.13 82.98
DBFNet ✓ ✓ ✓ ✓ 83.47 84.28
DBFNet ✓ ✓ ✓ ✓ ✓ 85.53 86.71

1 Note: M1M1M1,M2M2M2,M3M3M3,M4M4M4,M5M5M5 are the 5 DBF modules shown in Fig. 5.

TABLE II
PERFORMANCE COMPARISONS BY BACKBONE FOR THE RESULTS ON THE

TEST DATASET OF POTSDAM

Backbone mF1 (%) OA (%)
ResNet-18 85.53 86.71
ResNet-34 84.61 85.88
ResNet-50 83.85 85.25

ResNet-101 82.91 84.04

F1 = (1 + β2)× precision · recall
β2 · precision+ recall

, (14)

where TP, TN,FP, and FN are the number of true positives,
true negatives, false positives, and false negatives, respectively.
Num represents the total number of pixels in the dataset. The
equivalence factor between precision and recall is denoted by
β, which is set to 1. Precision reports the number of positive
category predictions that belong to the positive category, and
recall reports the number of positive category predictions made
out of all positive samples in the datasets. The mean F1 score
(m-F1) denotes the average of F1 scores over all categories.

C. Experimental Settings

1) Experimental environment: All experiments were pro-
cessed on a server computer with an NVIDIA GeForce RTX
2080Ti GPU (11 GB). The implementation of the framework
was based on the open-source toolbox Pytorch [53].

2) Data preprocessing: Due to the memory limitation of
the computer and graphics processing unit (GPU), we cut the
patch of the original training samples. For the Potsdam dataset,
the sliding window method was used to cut the original images
from the top left to the bottom right without overlap, thereby
obtaining a final training image size of 256 × 256 pixels.
For the Vaihingen dataset, to obtain sufficient data, we cut
the original images with an overlap rate of 50%. In the test
phase, we adopted two methods of data augmentation: random
flipping and random rotating. To speed up the convergence
of the network and increase the generalization ability of the

TABLE III
PERFORMANCE COMPARISONS WITH RECURSIVE LEARNING AND THE

RESULTS FROM THE POTSDAM TEST DATASET

Method mF1 (%) OA (%)
DBFNet 85.53 86.71

+ RL (round 1) 87.19 88.30
+ RL (round 2) 87.04 88.12
+ RL (round 3) 86.91 87.95
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TABLE IV
EFFICIENCY COMPARISONS WITH ASPP, PPM, SA, RCCA, OCR, ISA,
CAA, RSA, AND DBF MODULE WHEN PROCESSING INPUT FEATURE

MAP OF SIZE (1× 2048× 128× 128) DURING INFERENCE STAGE

Method Par(M△) Mem(MB△) GFLOPS(△)
ASPP [54] 15.1 284 503
PPM [55] 22.0 792 619
SA [56] 10.5 2168 619

RCCA [57] 10.6 427 804
OCR [58] 10.5 202 354
ISA [59] 11.8 252 386
CAA [60] 9.3 283 148
RSA [60] 3.8 110 144

DBFNet (Ours) 4.2 84 105(train) 152(test)

Note: For DBFNet, training time and testing time are different.

model, we conducted mean normalization and standardization
on the input data as in previous works.

3) Implementation details: We used ResNet [14] pre-
trained on ImageNet [16] as our backbone. We trained the
models with mini-batch stochastic gradient descent and em-
ployed a learning rate of 0.001 with the momentum set to 0.9
and weight decay to 0.0005 based on the Adam optimizer [64].
For the training phase only, we further adopted horizontal and
vertical flipping to overcome overfitting.

D. Experiments on Potsdam Dataset

1) Ablation study for the DBFNet: In the proposed
DBFNet, five DBF modules are employed to transform the
feature maps learned by our deep neural network. To further
verify the performance of the DBF modules, we conducted
extensive experiments with different settings, as shown in
Table I. We used ResNet-18 as the backbone of our DBFNet
in this experiment.

As shown in Table I, the proposed DBF modules can achieve
a remarkable improvement compared with the baseline model
FPN (ResNet-18). We observed that the first DBF module
M1 yields a result of 78.32% in m-f1 and 78.73% in OA,
which yields a 9.05 percentage point and 9.19 percentage point
improvement in m-F1 and OA, respectively. Furthermore,
when more DBF modules are adopted, the performance of
our network is further enhanced. Finally, integration of all
five DBF modules outperforms the other settings and obtains
the improvements of 16.26 and 17.17 percentage points in m-
F1 and OA, respectively, compared with the baseline. This
demonstrates that our approach can greatly improve semantic
segmentation by filtering the deep features.

Traditionally, a powerful backbone can extract more ef-
fective features for a specific visual task. In our proposed
DBFNet, we use ResNet-18, ResNet-34, ResNet-50, and
ResNet-101 in [14] to investigate the backbone’s effect on
the segmentation predictions, as shown in Table II.

As can be seen, the deeper backbones achieved lower
accuracy. The main reason for this might be the weakness
of the point annotations, as in our WSL framework, the
point annotations can only provide limited supervision, which
the model with more parameters may overfit easily. A well-
generalized DNN depends on the ratio of the model parameters
to the size of the training samples, where a lower ratio always

means better generalization properties [65], [66]. The ratio can
be calculated as follows:

ratio =
parameters of models

training samples
(15)

The design of DNN in FSL methods, where the training
samples are fully-annotated, is discussed in [65], [66]. In our
WSL task, only a few training samples are annotated. Since
we do not utilize other loss functions for supervision, with a
standard CE loss used in our DBFNet, only a few annotated
training samples are incorporated into the backpropagation,
which is presented in Section III-C. Thus, in our WSL method,
deeper backbones with myriad parameters will make the ratio
higher, thereby reducing the generalizability of the DBFNet.
However, in FSL methods, all training samples are annotated,
and the size of annotated training samples is much larger
than the parameters of the model, which makes the ratio
very low. Thus, with adequate annotated training samples, the
model will not overfit easily. In this case, FSL methods with
deeper backbones can learn more robust features and achieve
better performance. Therefore, for our proposed DBFNet, we
selected ResNet-18 as the backbone.

As described in Section III-D, we employ RL to refine the
segmentation predictions from our DBFNet. First, we train
the DBFNet to generate pseudo labels for the training dataset.
As an optional item, we utilize the dense CRF [23] to refine
the pseudo labels. For the second step, we train a standard
semantic segmentation network utilizing the generated pseudo
labels. In addition, in the second step we conducted extensive
experiments to investigate how many rounds recursive learning
yield the best result. Note that the standard network is built
with ResNet-18.

The effect of recursive learning is shown in Table III. We
can see that as a common strategy for WSL, recursive learning
can improve the accuracy of our framework slightly. However,
we find that adding more training rounds does not lead to
higher accuracy. The reason is that the deep networks may
easily overfit to the noisy pseudo labels. As a result, we only
took one training round for the RL in our experiment.

2) Comparison with context aggregation modules and at-
tention modules: To validate the efficiency of our DBF mod-
ule, we first conducted a fair comparison with several well-
verified context aggregation approaches: ASPP in DeeplabV3+
[54], PPM in PSPNet [55], SA in nonlocal network [56],
RCCA in CCNet [57], OCR in OCRNet [58], ISA in [59],
and CAA, RSA in HMANet [60]. All the experiments above
were conducted under the same settings for fair comparisons.
We investigated these modules in terms of efficiency, including
model parameters, GPU memory, and computation cost. Note
that computation cost is measured with GFLOPs. The imple-
mentation settings of our DBF module are described in section
IV.C(3). Specifically, for the time consumed by computation,
we take both the training process and the testing process
into consideration, since the settings in our DBF modules are
different, as described in Section III-C3.

As shown in Table IV, the DBF module increases only a
few model parameters, and the very low cost of GPU memory
and time consumption are acceptable. Specifically, as in the
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TABLE V
PERFORMANCE COMPARISONS WITH WEAKLY-SUPERVISED LEARNING METHODS AND THE RESULTS OF THE POTSDAM TEST DATASET

Method Imp. surf. Building Low veg. Tree Car mF1 (%) OA (%)
DeeplabV3 + RL 78.34 84.43 66.60 59.67 71.44 72.10 73.70

PSPNet + RL 78.80 84.22 66.53 59.98 71.67 72.24 73.77
FPN + RL 79.45 84.54 67.01 58.39 70.84 72.05 73.68

DeeplabV3 + NormCut-Loss [36] + RL 88.72 91.43 77.23 74.51 76.44 81.67 82.52
DeeplabV3 + DenseCRF-Loss [37] + RL 90.55 94.14 79.60 75.67 78.21 83.63 83.85

DBFNet 89.29 94.06 81.25 78.16 84.88 85.53 86.71
DBFNet + RL 90.80 95.34 83.16 79.98 86.67 87.19 88.30

TABLE VI
PERFORMANCE COMPARISONS WITH STATE-OF-THE-ART FULLY-SUPERVISED LEARNING METHODS ON THE TEST DATASET OF POTSDAM

Method Supervision Backbone Imp. surf. Building Low veg. Tree Car mF1 (%) OA (%)
FCN [18] full ResNet-18 87.61 90.93 81.09 80.72 84.93 85.06 86.16
UNet [19] full ResNet-18 88.03 91.87 81.99 82.01 87.71 86.32 86.58

SegNet [21] full ResNet-18 86.29 89.75 84.89 82.71 87.60 86.25 86.91
PSPNet [55] full ResNet-18 89.72 94.08 84.25 84.79 88.17 88.20 88.73

RefineNet [61] full ResNet-18 87.67 93.95 87.16 85.39 89.58 88.75 87.01
FPN [52] full ResNet-18 89.01 93.22 86.15 84.74 90.23 88.67 88.99

DeepLabV3+ [54] full ResNet-18 90.81 95.01 85.23 84.36 89.26 88.93 89.62
FCN [18] full ResNet-101 89.27 93.07 82.25 82.29 85.58 86.50 87.37
UNet [19] full ResNet-101 89.64 93.08 82.44 82.35 88.31 87.17 87.61

SegNet [21] full ResNet-101 87.96 92.72 85.25 83.91 88.17 87.60 87.93
PSPNet [55] full ResNet-101 90.61 95.30 85.41 85.84 90.38 89.53 89.45

RefineNet [61] full ResNet-101 88.12 94.28 88.73 86.54 89.94 89.52 87.24
FPN [52] full ResNet-101 89.24 94.02 86.38 85.14 91.45 89.25 89.87

DeepLabV3+ [54] full ResNet101 91.98 95.60 85.34 84.81 90.17 89.58 90.11
HRNet [62] full W48 93.30 96.57 88.04 87.78 91.36 91.41 91.52

DBFNet weak ResNet-18 89.29 94.06 81.25 78.16 84.88 85.53 86.71
DBFNet + RL weak ResNet-18 90.80 95.34 83.16 79.98 86.67 87.19 88.30

TABLE VII
PERFORMANCE COMPARISONS WITH WEAKLY-SUPERVISED LEARNING METHODS AND THE RESULTS OF THE VAIHINGEN TEST DATASET

Method Imp. surf. Building Low veg. Tree Car mF1 (%) OA (%)
DeeplabV3 + RL 80.40 81.64 68.97 73.60 57.45 72.42 76.06

PSPNet + RL 80.02 82.15 69.22 71.37 58.02 72.15 75.84
FPN + RL 78.30 79.21 68.55 74.26 56.21 71.30 75.03

DeeplabV3 + NormCut-Loss [36] + RL 86.12 87.51 70.03 79.37 68.52 78.31 79.04
DeeplabV3 + DenseCRF-Loss [37] + RL 89.71 90.11 71.38 82.65 75.49 81.87 82.18

DBFNet 90.27 92.84 78.81 86.81 81.09 85.97 86.32
DBFNet + RL 90.88 93.04 79.35 87.19 81.36 86.36 86.92

TABLE VIII
PERFORMANCE COMPARISONS WITH STATE-OF-THE-ART FULLY-SUPERVISED LEARNING METHODS ON THE TEST DATASET OF VAIHINGEN

Method Supervision Backbone Imp. surf. Building Low veg. Tree Car mF1(%) OA(%)
FCN [18] full ResNet-18 87.15 88.07 71.32 85.65 72.93 81.02 83.98
UNet [19] full ResNet-18 88.70 89.59 77.90 86.54 75.71 83.69 86.37

SegNet [21] full ResNet-18 85.51 89.20 78.99 83.39 85.79 84.58 85.12
PSPNet [55] full ResNet-18 91.08 89.63 79.26 85.12 86.90 86.40 87.19

RefineNet [61] full ResNet-18 88.17 92.59 82.41 85.87 86.33 87.07 86.68
FPN [52] full ResNet-18 90.01 89.95 81.18 85.71 87.46 86.86 87.04

DeepLabV3+ [54] full ResNet-18 93.88 92.75 80.76 86.09 87.70 88.24 88.31
FCN [18] full ResNet-101 88.67 90.83 76.32 86.67 74.21 83.34 86.51
UNet [19] full ResNet-101 89.54 91.06 78.81 89.08 78.73 85.44 87.03

SegNet [21] full ResNet-101 86.97 91.21 80.24 84.36 89.17 86.51 85.87
PSPNet [55] full ResNet-101 93.32 90.42 80.53 86.91 87.02 87.65 88.69

RefineNet [61] full ResNet-101 88.80 91.84 83.57 86.62 87.04 87.57 86.93
FPN [52] full ResNet-101 91.03 90.22 82.01 86.89 87.78 87.59 86.32

DeepLabV3+ [54] full ResNet101 94.34 91.35 81.32 87.84 88.14 88.60 88.91
HRNet [62] full W48 94.51 92.22 83.19 87.58 90.93 89.69 90.03

DBFNet weak ResNet-18 90.27 92.84 78.81 86.81 81.09 85.97 86.32
DBFNet + RL weak ResNet-18 90.88 93.04 79.35 87.19 81.36 86.36 86.92
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Fig. 7. Qualitative comparisons between the proposed method and other methods, using the Potsdam test dataset.

training process the DBF modules have higher rates and fewer
iteration times, so the training process costs less time than the
testing process.

3) Comparison with weakly-supervised learning methods:
To further verify our proposed DBFNet, it is necessary to
compare it with other WSL methods. Therefore, we define
a baseline method for comparisons: we use point annotations
to train a standard segmentation network and then conduct
the same recursive learning process to the baseline methods
for fairness. We take the state of-the-art DeepLabV3+ [54],
FPN [52], and PSPNet [55] with ResNet-18 as the standard
models; the detailed results are shown in Table V. It can be

seen that our DBFNet outperforms the baseline methods by
a large margin. In particular, our F1 score for Car is much
higher, which demonstrates the effectiveness of our proposed
DBF module for refining the boundary of small objects.

We further conducted experiments to evaluate the perfor-
mance of NormCut Loss [36] and DenseCRF Loss [37] on
point-supervised semantic segmentation for RSIs. For fair
comparisons, we incorporated these two loss functions into the
baseline method (DeeplabV3+ and RL) to evaluate the results.
The details of the results are shown in Table V. It can be seen
that these two loss functions can also bring an improvement to
the baseline method. The segmentation model achieved 9.57
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Fig. 8. Visualization of the intermediate outputs before and after the DBF modules on images from the Potsdam dataset: (a) Input images; (b) Feature before
the last DBF module (after backbone); (c) Feature after the last DBF module; (d) Segmentation results; (e) Ground truth.

percentage points of m-F1 improvement and 11.53 percentage
points of m-F1 improvement with NormCut Loss and Dense-
CRF Loss, respectively. However, our proposed DBFNet can
achieve more competitive results. The reason is that the low-
level affinity used in these two loss functions is not obvious in
this remote sensing dataset, especially for the categories such
as Low vegetable, Tree, and Car. Trees and low vegetables
always contain various characteristics and scales, while cars
always have a small scale in RSIs. Thus, it is very difficult to
utilize the low-level affinity in RSIs.

Instead of designing loss functions for backpropagation, our
DBFNet is a forward-propagation filtering method. It does not
require any other extra information for supervision, which is
simpler and more effective. Our DBFNet can achieve more
competitive results compared with other weakly-supervised
methods. It is worth noting that, to evaluate the pure effective-
ness of our DBFNet, we do not incorporate extra loss functions
into our framework.

4) Comparison with fully-supervised learning methods: We
compare the segmentation performance of our proposed WSL
method DBFNet with some state-of-the-art fully-supervised
learning (FSL) methods. Note that all the FSL methods use the
same backbone, ResNet-101, since the backbone ResNet-101
performs better in the FSL methods, while the WSL methods
are built with ResNet-18 as discussed above.

The results are shown in Table VI. It can be seen that in FSL
methods, deeper backbones like ResNet-101 can achieve better
performance than light-weight backbones like ResNet-18. In
FSL methods, HRNet [62] achieves the highest performance
with 91.41% m-F1 on the Potsdam dataset. It can be observed
that our proposed WSL approach can achieve results that
are very close to those obtained from the state-of-the-art
FSL method. Moreover, our proposed WSL method can even
outperform the classical FSL methods FCN and UNet by
0.69 percentage points and 0.02 percentage points in m-F1
score. Specifically, compared with the FSL methods, the gap
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Fig. 9. A contrastive analysis of the proposed DBF and the baseline method for 4 different categories: (a) Input images, in which we focus on the objects in
the red boxes; (b) Ground truth; (c) Baseline segmentation results; (d) Our segmentation results. We then map the high-dimension features of (c) and (d) to
a 2D space with t-SNE [63], shown in (e) and (f). (For a clear visualization, we changed the impervious surface category’s color from white to black.) Here,
the images are from the Potsdam dataset.

Fig. 10. A contrastive analysis of the proposed DBF and the baseline method: (a) Input images from the Potsdam dataset with a size of 1200 × 1200, in
which we also focus on the objects in the red boxes; (b) A non-filtered (baseline) segmentation result; (c) A filtered (ours) segmentation result. We then map
the high-dimension features of (b) and (c) to a 2D space with t-SNE [63], shown in (d) and (e). The comparison of feature distributions further proves that
our DBF can not only cluster the nearby and similar features but also enhance boundary information.
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Fig. 11. Qualitative comparisons between the proposed method and other methods on the Vaihingen test dataset.

in accuracy is mainly caused by the Tree and Car categories,
while we predict reliable segmentation maps for the other three
categories.

5) Visualization results: We provide qualitative compar-
isons between our method and other methods in Fig. 7,
including 512 × 512 and 1024 × 1024 patches. In particular,
we leverage the red dashed box to mark those challenging
regions that are easy to misclassify. Our method surpasses the
baseline WSL method by a large margin. Compared with the
baseline WSL method using DeeplabV3+ [54], our method
can maintain object coherence and obtain finer boundary
information. In particular, for our method, the results of the
Building category achieve more complete construction and
precise boundaries. For small objects (e.g., cars), our method
performs high-confidence predictions of sharp boundaries.
In addition, compared with the FSL method DeeplabV3+
[54], our WSL method shows better visualizations of the
segmentation map, which demonstrates the effectiveness of
our proposed framework.

6) Visualization results of DBF module and feature distri-
bution: To get a deeper understanding of our proposed DBF
module, we visualize the intermediate outputs of the important
stage of the network. We normalize the value in the channel
dimension for visualization. In Fig. 8, we visualize the learned
feature maps in the DBF module. Note that we take the last

DBF module for visualization, and the resolution of the feature
map before and after the DBF module is 1/4 of the input
image. As shown in Fig. 8(b), due to the weak supervision of
our point annotations, the feature map extracted by the baseline
backbone (FPN [52] with ResNet [14]) is fragmented and
incomplete, and is not clear enough for accurate predictions.
Fig. 8(c) shows the output feature map through our DBF
module mentioned above. It can be observed that objects of
the same category have a similar response and maintain the
coherence of the internal features.

Furthermore, we visualize the all-category deep feature dis-
tributions in latent space, aiming to verify the DBF module’s
effect on the deep feature. To this end, we first use the DBF
module to filter the feature extracted from the backbone, and
then we map its high-dimensional deep feature to a 2D space
with t-SNE [63], as shown in Fig. 9. Here, we also take the last
DBF module for visualization, and focus on the distributions
of the objects in the red box. The comparisons of the feature
distributions further prove that our DBF module can encourage
nearby and similar deep features to get closer, while preserving
the sharpness of the edges. In the first and second rows, we
label the t-SNE maps of the Tree category and the Building
category. As can be seen, the similar features get closer and
achieve coherent segmentation predictions. In the third and
the fourth row, we focus on the edges of the objects, e.g.,
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Impervious Surface and Building, Impervious Surface and Car.
From the t-SNE maps, we can observe that the DBF module
is applied to distinguish the features near the boundary, which
preserves the sharp boundaries of the objects and yields better
predictions. These observations are consistent with our t-SNE
[63] analysis in Fig. 10, which further verifies the effectiveness
of our DBF.

E. Experiments on Vaihingen Dataset

We conducted experiments on the ISPRS Vaihingen bench-
mark to further evaluate the effectiveness of our DBFNet.
We adopted the same training and testing settings that were
employed for the Potsdam dataset. Numerical comparisons
with the WSL methods and FSL methods are shown in Tables
VII and VIII. On the Vaihingen dataset, HRNet [62] also
achieves the highest performance with 89.69% m-F1. It can
be seen that for the Vaihingen dataset, our DBFNet also
outperforms the baseline WSL methods by a large margin.
It is worth noting that our DBFNet outperforms the NormCut
Loss [36] and DenseCRF Loss [37] with a large margin. This
is because, in the Vaihingen dataset, the low-level affinity in
the original images is not obvious. Remarkably, our method
achieved 86.92% in OA and 86.36% in m-F1. The results
show that our proposed WSL method can also work on
the Vaihingen dataset, and the m-F1 also surpasses the FSL
method FCN and UNet by 3.02 percentage points and 0.92
percentage points, respectively.

Finally, qualitative results are shown in Fig. 10. It can be
seen that our method can also produce better segmentation pre-
dictions than the baseline. In particular, it can be seen in Fig.
11 that for the Building category, our method predicts more
complete construction. We also mark the improved regions
with red dashed boxes, which demonstrates the effectiveness
of our proposed framework.

V. CONCLUSION

In this paper, we presented a point-based weakly super-
vised learning framework for semantic segmentation in re-
mote sensing images. Our proposed Deep Bilateral Filtering
Network (DBFNet) clustered the nearby and similar deep
features to make consistent and high-confidence predictions
with the smooth region. In addition, the DBFNet employed
the DBF to transform the deep features to distinguish the
objects’ edges, which alleviated the point annotations’ lack of
boundary information. Extensive experiments on the ISPRS
Potsdam benchmark and Vaihingen benchmark demonstrate
the effectiveness and efficiency of the proposed DBFNet. The
proposed weakly-supervised method can achieve very com-
petitive results compared with state-of-the-art fully-supervised
methods.

In the future, we will explore the development of quanti-
tative experiments to analyze the visualization and interpre-
tation of the results performed by our DBFNet and compare
them with other methods. Moreover, we will investigate the
proficiency of the point-supervised semantic segmentation
task in remote sensing images. In addition, we will consider

combining prior information from images to design well-
defined backpropagation to further improve the segmentation
performance
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