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Abstract— Semantic segmentation of remote sensing images
(RSIs) is effective for large-scale land cover mapping, which
heavily relies on a large amount of training data with laborious
pixel-level labeling. Due to the easy availability of image-level
labels, weakly supervised semantic segmentation (WSSS) based
on them has attracted intensive attention. However, existing
image-level WSSS methods for RSIs mainly focus on binary
segmentation, which are difficult to apply to multiclass sce-
narios. This study proposes a comprehensive framework for
image-level multiclass WSSS of RSIs, consisting of appropri-
ate image-level label generation, high-quality pixel-level pseudo
mask generation, and segmentation network iterative training.
Specifically, a training sample filtering method, as well as a
dataset co-occurrence evaluation metric, is proposed to demon-
strate proper image-level training samples. Leveraging multiclass
class activation maps (CAMs), an uncertainty-driven pixel-level
weighted mask is proposed to relieve the overfitting of labeling
noise in pseudo masks when training the segmentation network.
Extensive experiments demonstrate that the proposed framework
can achieve high-quality multiclass WSSS performance with
image-level labels, which can attain 94.23% and 90.77% of the
mean intersection over union (mloU) from pixel-level labels for
the ISPRS Potsdam and Vaihingen datasets, respectively. Beyond
that, for the DeepGlobe dataset with more complex landscapes,
the WSSS framework can achieve an accuracy close to 99 % of the
fully supervised case. In addition, we further demonstrate that
compared to adopting multiple binary WSSS models, directly
training a multiclass WSSS model can achieve better results,
which can provide new thoughts to achieve WSSS of RSIs for
multiclass application scenarios. Our code is publically available
at https://github.com/NJU-LHRS/OME.

Index Terms— Class activation map (CAM), image-level label,
multiclass, pixel-level uncertainty, remote sensing image (RSI),
weakly supervised semantic segmentation (WSSS).

I. INTRODUCTION

ITH the vigorous development of Earth observation
Wtechnology, massive remote sensing images (RSIs) at
high spatial resolution are becoming available, which satisfies
the fundamental requirement for timely and fine-grained land
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cover mapping. Semantic segmentation, aiming at assigning
the land cover type to every pixel in an RSI, is a widely
used and powerful technology for land cover mapping. Driven
by big data and supported by deep learning methods, seman-
tic segmentation has achieved unprecedented accuracy and
efficiency [1], [2]. However, deep learning-based semantic
segmentation approaches rely on an extensive amount of
manually labeled annotations at pixel level, whose collection
is time-consuming and labor-intensive. It is reported that
labeling a single 1024 x 1024 RSI requires 2.5 h [1], which
is significantly longer than the time required for labeling
Cityscapes [3], a dataset for natural image semantic segmen-
tation, indicating the difficulty of labeling RSIs.

To solve the abovementioned problem, semantic segmenta-
tion of RSIs under weak supervision has been explored [4], [5].
Compared with semantic segmentation using pixel-level
labels, termed fully supervised semantic segmentation (FSSS),
weakly supervised semantic segmentation (WSSS) only needs
weak labels that require much lower labeling costs due to the
coarse-grained form of image labeling [6]. There are several
kinds of weak labeling types, including image-level annota-
tions, points, scribbles, and bounding boxes [7]. Driven by
these weak labels, WSSS has been successfully used for cloud
detection [8], [9], water delineation [8], [10], building extrac-
tion [11], [12], [13], [14], [15], road extraction [16], [17], [18],
and so on.

Image-level annotation only needs to point out whether a
certain type of geographical objects exists in the image, with-
out location, extent, or shape information. The lowest labeling
cost attracts the most research attention among different weak
labeling types for WSSS of RSIs. To achieve pixel-level
semantic segmentation with only image-level annotations,
image classification networks [19] are trained to produce
class activation maps (CAMs) [20], which are used directly
for semantic segmentation by thresholding [9], [21] or as
pseudo masks to train a fully convolutional network (FCN)-
based [22] segmentation network [8], [13], [15]. However,
studies on image-level WSSS of RSIs primarily concern only
a single category, i.e., a binary task to segment the specific
target from the background, which are hardly used for tasks
that need to extract multicategory information. RSIs often
encounter complex scenarios involving the distribution of
various objects, where multicategory scenes account for the
vast majority [23]. In addition, RSI frequently necessitates the
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extraction of multiclass geographic information. For example,
land cover mapping calls for multicategory semantic segmen-
tation method.

It is easy to think that multiclass WSSS tasks can be
solved by adopting a binary WSSS method several times, but
it could be faced with three problems. First, compared with
training one multiclass WSSS model, training multiple binary
WSSS models apparently requires a multiplicate increase
in time and space costs. Second, when combining different
binary results into a unified multiclass result, it is difficult
to impartially determine the final category for the confusing
pixels with different predictions. Third, the binary WSSS
model can only identify a single category and is unable to
comprehensively consider the differences and relationships
between different categories.

Superb research progress has been made in terms of
multiclass WSSS for natural images, in which the methods
mainly follow the process of generating CAMs, generating
and optimizing pixel-level pseudo masks from CAMs, and
training segmentation networks with pseudo masks. Compared
with natural images, multiclass WSSS for RSIs faces more
challenges. On the one hand, RSI patches are faced with
more serious co-occurrence problems,! which is a frequently
discussed issue in the computer vision field, seriously affecting
the discriminative ability of classification networks. On the
other hand, RSIs contain a variety of geographical categories,
resulting in complex distribution of targets within a single
image patch, increasing the difficulty for the classification
network to identify objects accurately and thus generating
pseudo masks with more labeling errors. A pioneering study
on multiclass WSSS of RSIs was proposed based on explicit
pixel-level constraints [23] and achieved good accuracies on
three RSI datasets, which has, however, much room to improve
due to the lack of consideration of the aforementioned issues.
In addition, for multiclass WSSS, it seems that adopting a
binary WSSS method multiple times can also achieve goals.
Then, what is the difference between using the multiclass
WSSS method and the binary WSSS methods for image-level
multiclass WSSS?

To solve the abovementioned problems, we propose a
comprehensive framework for image-level multiclass WSSS
of RSIs, including image-level label generation, pixel-level
pseudo mask generation, and segmentation network iterative
training. We design a co-occurrence matrix (CM) to deter-
mine the appropriateness of image-level labels, as well as a
label filtering strategy, to train classification networks with
more discrimination. Furthermore, we suggest a pseudo mask
optimization method, specifically driven by multiclass CAMs,
to evaluate pixel-level uncertainty and weights, which can pro-
vide more accurate supervision to the segmentation network
and improve the effectiveness of the subsequent iterative train-
ing. Experiments on three remote sensing datasets demonstrate
that the proposed WSSS framework can achieve comparable
multiclass accuracies with FSSS. Moreover, we discover that
training a multiclass classification network can generate better

! An image assigned with a label of ‘car’ often include roads (because cars
are always parking or running on the roads), which will make the classification
network recognize the roads wrongly as cars.
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CAMs than training multiple binary classification networks,
which can provide new inspiration for WSSS of RSIs.

The main contributions of this study can be summarized as
follows.

1) We propose a comprehensive and effective framework
for multiclass WSSS of RSIs based on image-level
labels. Evaluations on three datasets demonstrate that
the WSSS framework can achieve superb results, i.e.,
more than 90% accuracies of FSSS.

Considering the particularity of RSIs, we propose a
data filtering method to filter out improper training
samples and an image-level label evaluation method
called CM, helping train a classification network with
better discriminative ability.

We propose a pixel-level uncertainty evaluation method
driven by multiclass CAM, which is used for reweight-
ing pseudo masks to mitigate the interference of labeling
noise and further strengthen the training of segmentation
networks in iterative training.

We discover that, compared with using multiple binary
CAMs for multiclass WSSS, a unified multiclass CAM
can achieve results with higher quality, which can not
only indicate the meaning of multiclass WSSS but also
provide more inspiration for binary WSSS tasks with
image-level labels.

2)

3)

4)

II. RELATED WORK
A. WSSS for Remote Sensing Images

In the field of remote sensing, using weak label-based
semantic segmentation for geographic information extrac-
tion has attracted much attention [24], in which image-level
labels are used the most. On the one hand, some stud-
ies utilized CAMs directly for RSI semantic segmentation.
Cropland segmentation was performed by simply thresholding
binary CAMs [21]. An attention mechanism was utilized in
the classification network combined with conditional random
field (CRF) postprocessing to detect destruction areas [25].
The global convolutional pooling operation was proposed to
enhance the representation of feature maps [9], and the pooling
layers were removed when predicting CAM to improve the
resolution. Multiple feature maps were extracted to capture a
sequence of class-specific hierarchical saliency maps, which
were then fused based on superpixel and low-rank matrix
recovery to extract residential areas [26].

On the other hand, a large number of studies used CAMs
to generate pseudo masks as pixel-level supervision to train
segmentation networks for WSSS. Superpixels were used to
improve the pseudo masks for water/cloud extraction [8] and
building detection [11], [15]. Different usages of CRF were
introduced to different stages and the main factors of WSSS
for RSIs were also illustrated [13]. Adversarial climbing [27]
and gated convolution were combined to improve CAMs to
generate pseudo masks [12], which were then refined with
AffinityNet and random walk strategy [28]. A deep generative
model was used to improve the unbalanced distribution of
foreground and background samples and an uncertainty-aware
joint optimization training strategy was used to mitigate the
negative impacts of noisy pseudo masks [29]. However, the
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abovementioned studies are limited to binary WSSS tasks, i.e.,
based on generating a single CAM of a certain category, which
are difficult to apply to multiclass cases. Zhou et al. [23]
explored the multicategory CAMs of RSIs for the first
time. They proposed explicit pixel-level constraints based on
the self-supervised equivariant attention mechanism (SEAM)
framework, which preliminarily demonstrated the feasibility
of image-level multiclass WSSS of RSIs.

In addition to image-level labels, other forms of weak labels
are explored for WSSS of RSIs, in which the vast majority of
studies still concerned with binary cases. For instance, point
label is used for cropland segmentation [21], road extrac-
tion [16], and water delineation [10]. Scribble is used for road
detection [17], [18], with centerline-like open source data such
as the Open Street Map, and building detection [30]. Bounding
box is used for building extraction [31], [32], reaching compa-
rable performance with the fully supervised case. In addition
to the abovementioned binary WSSS tasks, multiclass WSSS
with these kinds of labels has also been explored for land cover
mapping based on point labels [33], [34] or scribbles [35].

B. Multiclass WSSS With Image-Level Labels

Image-level WSSS has attracted much attention in the field
of computer vision, in which the algorithms were developed
in terms of multicategory datasets, such as VOC2012 [36]
and COCO [37]. Currently, WSSS based on image-level
labels mainly focuses on three aspects: optimization of CAM
generation, optimization of pseudo mask generation, and
improvement of segmentation network training.

Generation of CAMs is the first step to achieve WSSS
with image-level labels, which is significant as the foun-
dation of subsequent procedures. Benefiting from self-
supervision methodology, imposing consistency regularization
is an effective technique to improve the fineness of CAM.
By applying consistency regularization on CAMs from trans-
formed images [38], separate patches [39], complementary
patches [40], local patches [41], recalibration features [42],
or feature prototypes [43], more construction features and
supervisory signals can be utilized to improve the CAM:s.
In addition, CAMs usually focus on discriminative object
parts, leading many efforts to concentrate on improving the
response integrity of objects. The approaches include using
dilated convolution [44], random inactivation [45], erasing
mechanisms [46], [47], [48], imposing restraints or distur-
bances [27], [49], and other techniques [50], [51], [52], [53].

Optimization of pseudo mask generation aims at refining
the seed masks extracted from CAMSs to generate pseudo
masks with better quality. A famous refinement approach
is the affinity-based method achieved by the random walk
algorithm [28], [54], [55], [56], [57], which propagates the
initial object regions to semantically similar pixels in the
neighborhood. In addition, methods, including seed region
growing [58], [59], region erasing [60], [61], pixel-level net-
work training [49], [62], and multiple inference [48], [63],
have also been proposed for generating high-quality pseudo
masks.
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Fig. 1. TIllustration of the proposed multiclass WSSS framework.

Improvement of segmentation network training aims at
making full use of the supervision information of imperfect
pseudo masks to train a robust segmentation model. Iterative
training is a commonly used training mode [64] that can
gradually improve the boundary accuracy and segmentation
quality. In addition, many studies designed regularized loss
functions to mine more information or mitigate the impact
of labeling errors of pseudo masks, such as constraint-to-
boundary loss [65], CRF loss [66], [67], and metric learning
loss [68]. Considering the nature of deep networks tending
to first fit the clean annotations before eventually memorizing
error labels, an adaptive early learning correction method [69]
was proposed to pretend overfitting and refine pseudo masks.

III. METHODOLOGY

The proposed multiclass WSSS framework is shown in
Fig. 1, which consists of three steps: image-level label filtering
and evaluation, pixel-level pseudo mask generation and uncer-
tainty evaluation, and segmentation network iterative training
driven by uncertainty. Given the image-level WSSS dataset,
we first filter out the improper training samples, followed by
a dataset evaluation method, CM, to measure whether the
dataset is appropriate to train a discriminative classification
network. Then, a classification network is trained with the
image-level dataset to generate CAMs, by which pixel-level
pseudo masks and uncertainty masks are derived. Finally, the
segmentation network is trained iteratively with the pseudo
masks and reweighted by the weight masks generated from
the uncertainty masks to mitigate the effects of labeling
noise. It is assumed that the trained segmentation network can
output better pseudo masks, which can gradually improve the
segmentation network through iterative training.

A. Image-Level Label Filtering and Evaluation

Given the WSSS dataset D = {I, L}, consisting of N
images I € R**">*Wand the corresponding image-level labels
L € R™C, where C denotes the number of classes, it is
inappropriate to directly train a classification network with all
N samples. The RSI patches are obtained by clipping, other
than the object-centric imaging modality of natural images.
Hence, it is difficult to guarantee that the context information
of every category is complete. For the samples with only a
couple of pixels being a certain category (consider an extreme
scenario where a solitary pixel of a building occupies the
corner of the image), it is unreasonable to regard this kind
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of samples as owning the category; otherwise, it will obscure
the learning of the classification network. Hence, we exclude
samples with a small number of pixels for certain categories
to train the classification network. The filtered dataset D' =
{I', L'} can support the classification network to learn class
characteristics sufficiently.

The filtered dataset D’ is still not necessarily suit-
able for training a classification network because a severe
co-occurrence problem may exist. Ideally, a dataset should
possess adequate volume and abundant category distribution.
In practical applications, however, the data volume is always
limited, and the object distribution in RSIs often presents
certain rules, such as cars always being situated on roads.
Therefore, the challenge of co-occurrence in RSI datasets
may hamper the classification network to distinguish dif-
ferent categories, such as cars and roads. We propose an
evaluation criterion, called the CM, to measure the category
co-occurrence degree of the dataset and determine its suitabil-
ity for training a classification network.

The process of generating the CM is shown in Fig. 2. In par-
ticular, for each image I € I'’, a matrix A;;(I) is calculated
according to its image-level label L as (1), indicating the
existing relationship of class i and j, i.e., A;; = 1 if classes i
and jboth exist in the image; otherwise, 0

1, Lizlandszl
O’

Then, the CM of D’ is calculated as (2), in which N’ rep-

resents the total number of samples in D’

_ 2w Ay
2y Aii’
Taking the final CM in Fig. 2 as an example, it can be seen

that CMs; possesses a high value of 0.99, representing that

for all the images with cars in the dataset, 99% of them also
have the class of impervious surface, which may cause the car
to tend to be judged as impervious surface. If the overall CM
values of a dataset present a high level, it is difficult to train

a discriminative classification network on the dataset. In this

case, additional operations should be taken to relieve this, such

as extending the data volume. Based on the RSI dataset with
limited data volume, we generate more appropriate training
samples under the guidance of the CM and achieve better

results, which will be illustrated in Section IV.

Ajj = (D

else

CMU(D,) l,_] eC. (2)

B. Generating Pixel-Level Pseudo Mask and Evaluating
Label Uncertainty

Leveraging the filtered dataset D’, the classification network
can be trained, and the CAMs are generated by applying the
fully connected layer weights to the final feature map [20].
It is noted that numerous methods for improving the CAM and
pseudo mask have been proposed, as summarized in Section II.
In this study, we improve pseudo masks by adopting fully
connected CRF processing [70] to the CAMs, as shown in
(3), in which P indicates the final pseudo masks and C means
the appeared categories in the CAMs M

P = Argmax(Cﬁ(M)). 3)
c
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Fig. 2. Process of generating CM. “Imp. surf.” refers to impervious surface
and “low veg.” refers to low vegetation.

Labeling errors are inevitably presented in pseudo masks.
Using the inaccurate pseudo masks directly will make the
segmentation network memorize the errors and thus affect
the subsequent iterative training. A labeling noise mitiga-
tion method was proposed [71] by applying weights to the
cross-entropy loss according to the calculated pixel-level
uncertainty. However, they evaluated pixel uncertainty with
the segmentation network, which is still trained with noisy
pseudo masks. In this study, we propose a pseudo mask
uncertainty evaluation method according to multiclass CAM,
which can mitigate the impact of labeling noise since the
initial training stage of the segmentation network and thus
improve the performance in successive iterative trainings.
Inspired by [71] that noise is always related to the response
range of foregrounds, we discover that by scaling operation
with CRF on CAMs, the variance of different scales has larger
responses to the uncertain areas, which can reflect the labeling
noise in the noisy pseudo masks. Driven by this observation,
we evaluate pixel-level uncertainty of pseudo masks to guide
noise mitigation training.

The framework for evaluating pixel-level uncertainty is
shown in Fig. 3. Given image [ and its CAM M, different
scaling processes via exponential functions with varied power
factors are applied to each class ceC of M. Then, we have
the processed K xC CAMs Mf, in which k € K, ceC, and
K is the number of scales. After that, different foreground
masks under different scaling processes can be extracted with
the CRF and argmax operations as follows:

Tck = [Argmax(Crf(Mf)) == c], VeeC,keK. 4)

After obtaining scaled foreground masks, the uncer-
tainty can be estimated by calculating variances, as shown
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provide abundant information to supervise the training of the
segmentation network
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Fig. 3. Framework for evaluating pixel-level uncertainty from CAM.

in the following:

Var(T) = E(T) YeeC. (5

K
resPAth
k=1
Finally, the max operation is applied to Var(7) to obtain
the final pixel-level uncertainty, which is then normalized to

[0, 1], as shown in the following:

U = Norm (M_ax(Var(T))). (6)
¢

C. Training Segmentation Network Iteratively Guided by
Label Uncertainty

Iterative training is utilized when training the segmentation
network [64], which means that the trained segmentation net-
work is used to generate new pseudo masks for training a new
network. For the iterative training, uncertainty is also estimated
in terms of the pseudo mask generated from the segmentation
networks [71]. The higher uncertainty of the pixel represents
the greater probability of being wrongly labeled in the pseudo
mask. Hence, the weight mask is calculated as (7), in which
assigning low weights to pixels with high uncertainty can
mitigate the negative effects of label noise

wW=1-U. (N

Instead of taking the weight mask directly as the final
weights, we assign the pixel-level weights Y, as shown in
(8), to the cross-entropy loss of the segmentation network,
in which ¢ represents the iteration round ands = 0 means
training with the pseudo masks generated with CAMs. The
reweighting operation in (8) is based on two observations: 1)
pixels with low values in W tend to be incorrectly labeled,
which deserve to be ignored; and 2) pixels with higher W
values tend to be correctly labeled, which are critical for
training the segmentation network. It should be noted that,
when training the segmentation network, we used the images
in dataset D and the corresponding pseudo masks P, other than
the filtered dataset D', because although the images in D — D’
are not appropriate to train the classification network, they can

1) Dataset Description: Three multicategory RSI datasets
are used to evaluate the proposed WSSS framework, which
are described as follows.

1) ISPRS Potsdam Dataset: It is composed of 38 orthorec-
tified images with a size of 6000 x 6000 pixels and
a spatial resolution of 5 cm. Three bands of IRRG
(infrared, red, and green) are extracted from the origi-
nal four-band IRRGB (infrared, red, green, and blue).
The class of clutter is ignored for both training and
testing, and thus, the dataset includes five land cover
types: impervious surfaces (imp. surf.), building, low
vegetation (low veg.), tree, and car. Following the official
data division, 23 images except for the image named
7_10 (removed due to its error annotations) are used for
training, and 14 images are used for testing. The images
are cropped into 256 x 256 pixels with 128 pixels
overlapped for augmentation. The patches for training
the classification network are filtered by removing the
samples with pixels of any category smaller than 10%
(2.5% for the small object of car) of the total pixels.
In terms of the segmentation network, we use nonover-
lapping patches for both training and testing to ensure
time savings and evaluation fairness.

2) ISPRS Vaihingen Dataset: It contains 33 IRRG images
with an average size of 2494 x 2064 pixels and a spatial
resolution of 9 cm. The categories are the same as the
Potsdam dataset. According to the official data division
method, 16 images are used for training and 17 images
are used for testing. The images are cropped into 128 x
128 pixels with 64 overlapping pixels, with other settings
the same as the Potsdam dataset.

3) DeepGlobe Land Cover Classification Challenge
Dataset: 1t is the first public dataset with high-resolution
submeter satellite imagery focusing on rural areas. There
are 803 RGB images with a size of 2448 x 2448 pixels
published with pixel-level labels. The dataset is
annotated with seven categories: urban, agriculture,
rangeland, forest, water, barren, and unknown. We split
the dataset into training/validation/test sets with
563/120/120 images based on the naming order. The
images are cropped into 306 x 306 pixels without
overlay. The filtering ratio is set as 10% for all the
categories.

2) Implementation Details: For the classification net-
work used for generating CAMs and pseudo masks,
several networks are used to demonstrate the reliability
of the proposed WSSS framework. The methods include
the original CAM (Ori-CAM) [20] with ResNet101 [72] as
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TABLE I
COMPARISON OF THE PSEUDO MASK mloU (%) FROM MULTICLASS AND BINARY CAMs

SEAM Ori-CAM Puzzle-CAM DRS VWL
Dataset Multiclass Binary Multiclass Binary = Multiclass Binary Multiclass Binary Multiclass Binary
Potsdam 65.27 61.54 63.35 60.55 66.16 47.69 62.15 41.57 67.94 66.42
Vaihingen 60.66 55.23 58.49 58.68 61.60 55.37 48.78 34.25 60.72 59.52
DeepGlobe 70.99 67.53 73.76 71.09 70.74 56.66 62.77 60.28 70.39 67.41
the backbone network, the SEAM framework [38] with TABLE II

ResNet38 [73] as the backbone network, Puzzle-CAM [39]
with ResNet50, discriminative region suppression (DRS)
method [49] with VGG16, and visual words learning (VWL)
method [51] with ResNet50. In the training stage, the batched
stochastic gradient descent (SGD) optimizer is utilized for
20 epochs, with momentum as 0.9 and weight decay as 0.0005.
The initial learning rate is set as 0.01, with the learning
rate decay strategy of “poly.” For the segmentation network,
DeepLabV3+ [74] is used, with output stride 8 and ResNet50
as the backbone. The Adam optimizer is used for 30 epochs,
with an initial learning rate of 0.0002. All the backbones are
initialized by the pretrained model on ImageNet to enhance
feature extraction abilities. All the experiments are conducted
on a computer with an Intel Core i7-11700K CPU, one
NVIDIA GeForce RTX 3080 GPU, and 64-GB memory.

3) Evaluation Metrics: To evaluate the multiclass WSSS
performance, the mean intersection over union (mloU) and
the mean Fl-score (mF1) are adopted, with the following
formulas:

N,

IoU 1 Z TP ©)
mloU = — _—
N =/ TP + FN +FP
.. TP (10)
recision = ———
P TP + FP
TP
recall = ———— (11)
TP +FN
mF1 — L ﬁ: 2 X pr.ec.ision x recall (12)
N, precision + recall

Cc .
i=1

where TP, FP, and FN represent the number of true positives,
false positives, and false negatives, respectively, and N, is the
number of categories.

B. Performance of Multiclass WSSS

1) Comparison Between Multiclass and Single-Class WSSS:
Multiclass WSSS tasks may seem solvable by training mul-
tiple binary WSSS models, which have seen considerable
development. However, compared to using binary models for
multiclass WSSS, it is obvious that one multiclass method
tends to require much lower costs in time and space. More
importantly, we demonstrate in this section that a multiclass
method can achieve better performance than binary methods.
Specifically, the accuracies of pseudo masks from a multiclass
classification network and binary networks are compared,
which are decisive for WSSS performance [13]. The multiclass
and binary networks are consistent except for the number of

COMPARISON OF THE FOREGROUND IoU (%) OF DIFFERENT CLASSES
FROM THRESHOLDING SINGLE-CLASS CAMs AND APPLYING
ARGMAX TO MULTICLASS CAMs OF THE ISPRS DATASET. THE
CAM METHOD Is SEAM

Potsdam Vaihingen
Thresholding ~ Argmax  Thresholding  Argmax
Imp. surf. 56.64 69.65 63.09 68.60
Building 62.68 82.79 71.61 77.30
Low veg. 54.43 67.26 49.53 54.70
Tree 58.64 63.33 60.13 63.71
Car 49.41 43.30 46.81 38.97
Average 56.36 65.27 58.23 60.66

output layers: N, for multiclass and 1 for binary. The training
and testing datasets are also kept consistent for fairness, i.e.,
the datasets used for the binary tasks are derived from the
multiclass dataset with the same image-level labels (0 for
absence and 1 for presence of certain class). In the multiclass
case, a pseudo mask is generated by applying argmax to
the multiclass CAM, which is directly generated by a single
multiclass classification network. In the binary case, CAMs of
different categories are obtained by multiple binary classifica-
tion networks, which are concatenated followed by the argmax
operation to generate pseudo masks.

Table I presents the pseudo mask accuracies from different
CAM methods for three datasets. The accuracies of pseudo
masks generated by the multiclass network are apparently
higher than those generated by the binary networks, whether
for different datasets or classification networks, demonstrating
the advantage of training a unified multiclass classification
network for identifying different categories, which can be
attributed to two reasons. On the one hand, the classification
network trained by multicategory labels can identify different
classes, whereas the binary network can only identify a single
category and is unable to comprehensively consider the differ-
ences and relationships between different categories. On the
other hand, the CAMs of different classes from the multiclass
network are obtained through the same network backbone, but
the binary networks may generate CAMs at different levels,
which are improper to be integrated together.

For binary image-level WSSS, pseudo masks are always
generated by introducing a threshold to the CAM to extract
foregrounds and backgrounds [12], [13]. For the multicategory
CAM, however, pseudo masks can be generated by considering
different classes, rather than just thresholding a single-class
CAM. Tables II and III compare the foreground accuracies
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TABLE III

COMPARISON OF THE FOREGROUND IoU (%) OF DIFFERENT CLASSES
FROM THRESHOLDING SINGLE-CLASS CAMs AND APPLYING
ARGMAX TO MULTICLASS CAMs OF THE DeepGLOBE DATASET.
THE CAM METHOD Is OrRI-CAM

Thresholding Argmax
Urban 63.72 72.56
Agriculture 82.79 89.32
Rangeland 45.52 56.32
Forest 79.80 84.81
Water 57.58 71.46
Barren 63.60 76.97
Unknown 58.22 64.87
Average 64.46 73.76
TABLE IV

COMPARISON OF THE INFERENCE TIME (MS) FOR AN IMAGE WITH 256 x
256 PIXELS USING MULTICLASS AND BINARY CAM METHODS

. Puzzle-
Ori-CAM SEAM CAM DRS VWL
Multiclass 8.7 20.4 4.4 5.6 7.9
Binary 9.0 20.6 43 53 7.2

of different classes obtained through argmax and thresholding
on the ISPRS and DeepGlobe datasets, respectively, in which
the thresholds are set as the optimal values leading to the
best IoU of the foregrounds. The results show that, across
all three datasets, the argmax operation is more effective
in extracting foregrounds with higher accuracies, in which
the largest mloU gap of 8.91% is achieved for the ISPRS
Potsdam dataset, demonstrating that leveraging the interaction
of multiple CAMs can result in pseudo masks with higher
quality. This not only proves the benefits of the multiclass
WSSS model over binary models for identifying different
categories but also provides new inspiration to improve binary
WSSS.

In addition, we have calculated the inference time for
various classification networks in both multiclass and binary
scenarios, as shown in Table IV. The only distinction between
these two types of networks is the number of output layers,
i.e., N. for multiclass and 1 for binary. It is worth noting
that there is virtually no discernible difference in prediction
time between the two cases. Hence, the multiclass method can
apparently save more time than the binary method because the
latter needs inferencing multiple times.

2) Comparison Between WSSS and FSSS: The performance
difference between WSSS and FSSS can clearly reflect the
effectiveness of the WSSS method. Table V shows the final
accuracies of the proposed WSSS framework compared with
that of FSSS on the ISPRS Potsdam and Vaihingen datasets.
The mloU gaps are 5.06% and 7.53% for Potsdam and
Vaihingen, respectively, and the WSSS accuracies can achieve
94.23% and 90.77% of FSSS, as indicated by mloU. Such a
small accuracy gap reflects the applicability of the proposed
multiclass WSSS method. The class of building presents the
best extraction accuracy for both WSSS and FSSS, and the
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Fig. 4. Examples of segmentation results from WSSS and FSSS methods
on the ISPRS Potsdam dataset.
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Fig. 5. Examples of segmentation results from WSSS and FSSS methods
on the ISPRS Vaihingen dataset.

class of car presents the lowest accuracy due to the co-
occurrence problem, i.e., cars always coexist with impervious
surfaces, making them more inclined to be misclassified as
impervious surfaces. In general, the WSSS method can achieve
comparable performance with FSSS in terms of all the classes.
Figs. 4 and 5 show the visual WSSS results of the ISPRS Pots-
dam and Vaihingen datasets, respectively, which demonstrates
that the proposed WSSS framework can not only achieve high
segmentation accuracies but also draw clear boundaries.

The accuracies of WSSS and FSSS on the DeepGlobe
validation (val) and test sets are shown in Table VI. The results
reveal a very small accuracy gap between the two methods,
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TABLE V

ACCURACIES AND PER CLASS IoU (%) OF THE PROPOSED WSSS FRAMEWORK ON THE ISPRS POTSDAM AND VAIHINGEN DATASETS COMPARED WITH
THOSE OF FSSS. THE CAM METHOD Is SEAM

Dataset Supervision Imp. surf. Building Low veg. Tree Car mloU mF1
Potsdam WSSS 86.31 91.97 74.95 74.42 85.86 82.70 90.38
FSSS 90.13 95.06 79.53 79.67 94.43 87.76 93.34
Vaihingen WSSS 82.46 87.60 64.98 74.48 60.55 74.01 84.67
FSSS 86.14 90.99 7223 80.80 77.56 81.54 89.69

Image Ground truth WSSS FSSS varying settings. Table VII shows the WSSS accuracies on

/ 2" . M » ¥ different datasets from the segmentation network trained by

L ]
L/
LY

Urban

Agriculture  Rangeland Forest Water Barren

Fig. 6. Examples of segmentation results from WSSS and FSSS methods
on the DeepGlobe dataset.

with only 0.72%/1.31% mloU and 0.52%/0.78% mF1 for the
val/test set. We assume that this tiny accuracy gap is due to
the coarse pixel-level ground truth labels, which can be shown
in the second row of Fig. 6. Notably, the pseudo masks
generated by the WSSS framework demonstrate similar or
even better performance than the ground truth, resulting in
comparable segmentation performance, as shown in Fig. 6.
Such a negligible gap not only demonstrates the effectiveness
of the proposed WSSS framework but also highlights the
huge potential of using WSSS for coarse-grained land cover
mapping, that is, it may be more efficient to simply label
image-level weak annotations than to spend significant time
producing coarse pixel-level labels.

C. Component Analysis

1) Ablation Study: The proposed WSSS framework com-
prises multiple processes. To verify the effectiveness of
different modules, extensive experiments are conducted with

different pseudo masks, in which “base” indicates the pseudo
mask from argmax, “CRF” indicates the improvement for the
base mask, “mask-w” utilizes weight mask for the pseudo
mask, “iteration” indicates segmentation network training iter-
atively, and “iteration-w” utilizes weight mask in iterative
training.

Based on the pseudo masks improved by CRF, introducing
the pixel-level weights from the uncertainty masks can reduce
the negative effects of labeling errors and thus enhance the
WSSS accuracies. As shown in Table VII, the weight mask
is effective for all the datasets, in which 0.74% and 1.03%
improvements are yielded for the ISPRS Potsdam and Vaihin-
gen datasets, respectively. The iterative training works for the
ISPRS Potsdam and Vaihingen datasets, and iterative training
with the help of weight masks can achieve the best accuracies
for the two datasets, leading to the best mloU of 82.70% and
74.01% for Potsdam and Vaihingen, respectively. However,
iterative training does not work for the DeepGlobe dataset.
This is because the segmentation network can only generate
coarse-grained results on this dataset, and the pseudo masks
have already attained the upper limit, which can hardly be
further improved.

2) Effectiveness of Generating Appropriate Image-Level
Labels: For image-level WSSS, the image-level annotation
provides the fundamental supervision information, which
determines the final WSSS performance. For multiclass WSSS
of RSIs, it is critical to yield appropriate image-level annota-
tions for training a classification network with discriminative
ability. In terms of generating appropriate image-level labels,
we propose a label filtering method and a label co-occurrence
estimation method named the CM, the effects of which are
illustrated in this section.

The accuracy of the pseudo masks determines the seg-
mentation network training and, thus, the performance of
WSSS [13]. Table VIII shows the accuracies of the pseudo
masks generated from the classification network trained by
the image-level labels before and after filtering. In general,
label filtering can apparently improve the accuracies of pseudo
masks for different CAM methods on all three datasets (except
for the DRS method on the Vaihingen dataset which presents
extremely low accuracies for both cases), demonstrating the
effectiveness of label filtering for improving the identification
ability of the classification network. The biggest improvement
comes from the DeepGlobe dataset with an Ori-CAM of
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imp. surf.  building  low veg. tree car imp. surf.  building  low veg. tree car
256x256 SEAM Ori-CAM P-CAM  DRS VWL
imp.suré. WER imp.surf. 69.65 67.77 7219 63.61 73.45 | mP-surt
building  82.79 83.87 84.67 79.44 84.82
258 <§ lowveg. 67.26 6490 6532 64.14  69.37 building
tree 63.33 63.14 64.82 65.11 66.27
car 4330 37.09 43.80 3843 4577
low veg. aver 65.27 63.35 66.16 62.15 67.94 low veg.
512x512 SEAM Ori-CAM P-CAM  DRS VWL
imp. surf.  53.00 60.31 5549  49.12 63.54 tree
building  75.97 76.37 56.09 69.89 71.80
lowveg. 52.30 56.52 61.21 55.52 62.01 }> -
tree 54.82 57.44 53.62 59.52 49.51
car 23.14 27.04 38.24 28.76 3743
[ aver  51.85 5553 5293 5256  56.86
0.0 020 040 060 0.80 10
Fig. 7. CM of different sets of image-level labels and the corresponding pseudo mask accuracies (IoU, %) on the Potsdam dataset. “P-CAM” indicates
“Puzzle-CAM”.

TABLE VI

ACCURACIES AND PER CLASS IoU (%) OF THE PROPOSED WSSS FRAMEWORK ON THE DeepGLOBE DATASET COMPARED WITH THAT OF FSSS,
IN WHICH “VAL” AND “TEST” REPRESENT THE VALIDATION DATA AND THE TEST SET, RESPECTIVELY. THE CAM METHOD Is OrRI-CAM

Dataset Supervision | Urban  Agriculture Rangeland Forest ~ Water Barren  Unknown | mloU mF1
DeepGlobe-val WSSS 75.10 86.90 35.74 78.06 72.02 66.37 46.62 65.83 78.03
FSSS 74.49 87.59 37.94 78.44 76.41 66.35 44.64 66.55 78.55
DeepGlobe-test WSSS 75.19 86.22 40.88 79.62 76.82 56.84 53.24 66.97 79.14
FSSS 77.30 87.51 43.18 82.60 81.34 57.34 48.68 68.28 79.92

6.01% mloU. Table VIII shows that the Vaihingen dataset
obtains the lowest improvement among the three datasets,
which can be attributed to the small data volume of this
dataset.

Although the image-level label after filtering includes
clearer category characteristics, the co-occurrence problem
may still exist. We propose the method of CM to evaluate
the co-occurrence of the image-level labels, which can be
used to guide the generation of better image-level labels.
To illustrate its effectiveness, we crop the images of the two
ISPRS datasets into patches of different sizes to build different
datasets. Specifically, we crop the images of the Potsdam
dataset into sizes of 256 x 256 and 512 x 512 pixels and those
of the Vaihingen dataset into sizes of 128 x 128 and 256 x
256 pixels. The pseudo mask accuracies and the corresponding
CM of different cropped datasets are shown in Figs. 7 and 8
in terms of the Potsdam and Vaihingen datasets, respectively.

As shown in Figs. 7 and 8, the dataset with a larger
patch size faces a more severe co-occurrence phenomenon,
indicated by the larger values in the CM. For all the CAM
methods, image-level labels with more severe co-occurrence
problems lead to pseudo masks with lower accuracies in terms
of both datasets. For example, for the Potsdam/Vaihingen
dataset, the image-level labels with less co-occurrence yield
pseudo masks with 13.42%/14.22% higher mloU for SEAM,
demonstrating the impact of co-occurrence on training the
fine classification network. In a word, the proposed CM can
indicate the co-occurrence problem of the image-level labels

and thus provide guidance to generate appropriate weak labels
for land cover mapping of RSIs.

3) Analysis of Pseudo Mask Uncertainty: The weight masks
are generated from the uncertainty masks, which can mitigate
the effects of noisy labels in the pseudo masks. The weight
mask is used in two specific areas: one is the pseudo mask
generated from the CAM and the other is that from the
segmentation network in iterative training. Fig. 9 shows
the examples of the visualization for the weight masks
in the two usages. It can be seen that the low weight pixels tend
to be incorrectly labeled in the pseudo masks, illustrating the
effectiveness of weight masks for mitigating interference from
labeling errors. The pseudo masks from the CAMs (iter 0 in
Fig. 9) are the initial masks and thus contain more error labels.
After the iterative training by the segmentation network, the
error pixels decrease as the iteration grows, and the pseudo
masks become increasingly accurate. The object boundaries
always possess low weights, which are more likely to be
incorrectly labeled.

4) Effects of Iterative Training: Iterative training is a com-
monly used strategy that can gradually improve the pseudo
mask. Li et al. [71] introduced uncertainty-driven mask
weights into segmentation network iterative training to miti-
gate the impacts of noisy labels, but their initial pseudo masks
for training the segmentation network are still noisy, which
hampers the segmentation network from learning accurate
information and thus interferes with the subsequent iterative
training. We refer to the iterative training of [71] but introduce
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Fig. 8. CM of different sets of image-level labels and the corresponding pseudo mask accuracies (IoU, %) on the Vaihingen dataset. “P-CAM” indicates
“Puzzle-CAM”.

TABLE VII

ABLATION STUDY FOR THE PROPOSED WSSS FRAMEWORK, SHOWING THE mloU (%) ON DIFFERENT DATASETS FROM THE SEGMENTATION NETWORK
TRAINED BY DIFFERENT PSEUDO MASKS

Base CRF Mask-w Iteration Iteration-w Potsdam Vaihingen Deepglobe-val Deepglobe-test
v 75.67 70.37 64.41 63.92
v v 78.53 71.27 65.33 66.85
v v v 79.27 72.30 65.83 66.97
v v v v 81.77 73.99 65.02 62.38
v v v v 82.70 74.01 64.15 63.57
TABLE VIII
ACCURACIES (mloU, %) OF THE PSEUDO MASKS GENERATED FROM THE CLASSIFICATION NETWORK TRAINED BY
THE IMAGE-LEVEL LABELS BEFORE AND AFTER FILTERING
Dataset SEAM Ori-CAM Puzzle-CAM DRS VWL
Filtering w/o w/ w/o w/ w/o w/ w/o w/ w/o w/
Potsdam 62.28 65.27 61.46 63.35 61.93 66.16 61.78 62.15 66.15 67.94
Vaihingen 60.53 60.66 56.38 58.49 58.88 61.60 49.56 48.78 60.06 60.72
DeepGlobe 65.66 70.99 67.75 73.76 68.26 70.74 62.38 62.77 66.98 70.39

the weight masks, which are obtained from multiclass CAMs,
into the initial pseudo masks to mitigate the noise effect from
the fundamental process. In this section, the effectiveness of
iterative training in the proposed framework is illustrated.
The accuracies of the segmentation network iterative train-
ing on the Potsdam and Vaihingen datasets are shown in
Fig. 10. It is noted that the iterative training does not work
for the DeepGlobe dataset. It can be found in Fig. 10 that,
by comparing the red line with the blue line, introducing
uncertainty weight masks into the initial pseudo masks can
improve the segmentation performance to a great extent for
both datasets, which can demonstrate the benefits of the
proposed noise mitigation strategy. Overlooking the noise
interference of the initial pseudo masks will reduce the upper
limit of iterative training because of the error accumulation
effect. Furthermore, comparing the red line with the yellow

line shows that the introduction of uncertainty weight masks
into the iterative training process will further improve the
performance of WSSS. Therefore, combining the uncertainty
mask weights in terms of the initial pseudo masks and iterative
training can lead to better segmentation network.

V. DISCUSSION

Multiclass-oriented tasks can be decomposed into several
binary tasks, which are often easier to handle. In contrast to
binary-class scenarios, WSSS faces multiple challenges when
dealing with multiclass image-level labels of RSIs, including
complex object distribution, indistinct object characteristics,
and prevalent co-occurrence issues. As a result, some peo-
ple may stereotype that multiclass WSSS can be resolved
by repeatedly utilizing binary WSSS models. In this study,
however, we reveal a surprising finding: directly training a
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Fig. 9.  Visualization of weight masks and pseudo masks. Iter 0 means
the pseudo mask from CAM, and iter 1-3 mean that from the segmentation
network of different iteration rounds. Darker pixel in the weight mask indicates
lower weights.
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Fig. 10. Accuracies of segmentation network iterative training on Potsdam
and Vaihingen datasets. “ul” and “u2” indicate using uncertainty weights in
the initial pseudo masks from CAMs and that in the segmentation network
iterative training.

multiclass classification network can generate pseudo masks
with higher accuracies by comparison with that from multiple
binary classification networks. Besides, we discovered that
higher accuracies of foregrounds for different categories can
be always obtained by considering multiple classes, rather than
considering only one class such as adopting thresholding.

The proposed WSSS framework can achieve high-quality
results comparable to the fully supervised case, mainly due
to three important factors. First, inappropriate training sam-
ples are filtered out to build a better dataset with distinct
category characteristics, leading to the trained classification
network being able to accurately recognize different objects,
which lays a good foundation for generating accurate pseudo
masks. Second, the interference of the inevitably existing
noise in pseudo masks is mitigated by using uncertainty-driven
weighted masks to help the trained segmentation network
better identify objects. Third, iterative training with weighted
masks can gradually improve the pseudo masks with a high
upper limit because the segmentation network is trained with
the weighted masks from the beginning and can obtain further
improvements in iterative training.

All the strategies and methods in the proposed framework
can provide references to use image-level WSSS for land cover
mapping. In particular, it is essential to filter the improper
training samples to ensure that the fine characteristics of each

4503513

category are preserved, rather than using all samples at once.
The CM could be used to evaluate the co-occurrence situation
of the training data. For datasets with severe co-occurrence,
measures, such as data expansion or cropping into smaller
image patches, could be useful. The uncertainty mask used
for reweighting the pseudo mask is directly obtained from
multiclass CAM, which is tailored for the multiclass WSSS
task and easy to generate without introducing extra modules.
Iterative training with weighted masks can gradually improve
the pseudo masks and thus the segmentation network, which
may not be suitable for certain datasets.

VI. CONCLUSION

This study proposed an elaborate framework for image-level
WSSS of RSIs in multiclass scenarios. By introducing sample
filtering to eliminate unsuitable samples and guided by the pro-
posed CM, image-level training samples with more suitability
for multiclass WSSS of RSIs can be collected. To mitigate
the noise interference of noisy pseudo masks, an uncertainty-
driven pixel-level weight mask generation method based on
multiclass CAMs is proposed, which can significantly improve
the upper limit of segmentation network iterative training and
thus the final segmentation accuracy. In the context of the
prevalence of binary image-level WSSS of RSIs, we discover
that directly training a multiclass classification network can
generate better pseudo masks by comparison with training
multiple binary classification networks, demonstrating the
benefits of studying multiclass WSSS methods. Elaborate
experiments demonstrate that the proposed framework can
achieve high-quality semantic segmentation with image-level
labels comparable to that of pixel-level labels, which can
attain, specifically, exceed 90% for ISPRS Potsdam and Vai-
hingen datasets and near 99% for the DeepGlobe dataset in
terms of mloU. We expect that our method and discovery can
provide a reference for technology and ideas to achieve large-
scale high-quality WSSS of RSIs for land cover mapping.
In future work, we are devoted to developing specific methods
to solve the co-occurrence problem and end-to-end WSSS
methods for RSIs.
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