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Abstract. Crack detection is essential for inspection of existing structures and crack segmentation based on deep learning is a
significant solution. However, datasets are usually one of the key issues. When building a new dataset for deep learning,
laborious and time-consuming annotation of a large number of crack images is an obstacle. The aim of this study is to develop
an approach that can automatically select a small portion of the most informative crack images from a large pool in order to
annotate them, not to label all crack images. An active learning method with difficulty learning mechanism for crack
segmentation tasks is proposed. Experiments are carried out on a crack image dataset of a steel box girder, which contains 500
images of 320 x 320 size for training, 100 for validation, and 190 for testing. In active learning experiments, the 500 images for
training are acted as unlabeled image. The acquisition function in our method is compared with traditional acquisition functions,
i.e., Query-By-Committee (QBC), Entropy, and Core-set. Further, comparisons are made on four common segmentation
networks: U-Net, DeepLabV3, Feature Pyramid Network (FPN), and PSPNet. The results show that when training occurs with
200 (40%) of the most informative crack images that are selected by our method, the four segmentation networks can achieve
92%-95% of the obtained performance when training takes place with 500 (100%) crack images. The acquisition function in our
method shows more accurate measurements of informativeness for unlabeled crack images compared to the four traditional
acquisition functions at most active learning stages. Our method can select the most informative images for annotation from
many unlabeled crack images automatically and accurately. Additionally, the dataset built after selecting 40% of all crack images
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can support crack segmentation networks that perform more than 92% when all the images are used.
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1. Introduction

Surface cracking is a significant early indicator of
structural damage. Visual inspection is often conducted to
examine crack width, length, and distribution to ensure
safety and durability of structures. Manual visual inspection
is costly, time-consuming, subjective, and sometimes,
dangerous as introduced by Kim et al. (2019) and Modarres
et al. (2018). In these cases, automatic crack detection
methods of image processing techniques (IPTs) based on
computer vision are proposed and studied. Some of the
well-known IPTs are the least squares method (Fujita et al.
2006), image binarization methods (Nguyen et al. 2014),
percolation models (Oliveira and Correia 2009), and so on.
However, most of the traditional image analysis methods
focus on crack detection under non-complex conditions. For
this reason, their applications are limited for engineering
practice because of the great variation of image data that
involve noise and complex background.

With the rapid development of machine learning and
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artificial intelligence, convolutional neural networks
(CNNs) are applied to different visual understanding tasks,
such as image recognition (He et al. 2016), object detection
(Hadidi et al. 2014), and semantic image segmentation
(Chen et al. 2017). Because of the success of CNN, more
algorithms that are based on them have been proposed for
structural damage inspection. As for the crack segmentation
task, it is a binary classification problem of distinguishing
“crack” and “non-crack” pixels. Semantic segmentation
methods (Zhang et al. 2019) or pixel-level classification
(Yang et al. 2018) are used to precisely delineate damage
level, shape, and location. For pavement crack detection
problems, an efficient model based on R-CNNs named
CrackNet, was proposed (Pathirage et al. 2019, Zhang et al.
2019). Further, Xu et al. (2019) proposed a fatigue crack
identification technique for long-span steel box girder
bridges using deep CNN, in addition to a high-accuracy
framework while using a restricted Boltzmann machine.
Similarly, a U-Net based framework for concrete crack
detection was developed (Liu er al. 2019), which can
identify crack locations under various conditions with
complex background with high efficiency and robustness.
As mentioned above, many deep learning-based methods
are extensively studied for applications to structural health
monitoring (SHM), including the crack segmentation task
(Fan et al. 2019, Ye et al. 2019).

ISSN: 1738-1584 (Print), 1738-1991 (Online)



196 Jiangpeng Shu, Jun Li, Jiawei Zhang, Weijian Zhao, Yuanfeng Duan and Zhicheng Zhang

Based on deep learning, the core component of any
application of segmentation methods is data (Bao et al.
2019); this also applies to the crack segmentation task.
Currently, the number of available image databases of
structural systems and other infrastructure components is
very limited for SHM purposes; this leads to poor
performance of the available trained models when new
conditions arise, such as texture, joints, light, environment,
and pollution (Azimi et al. 2020). Fortunately, the cost of
portable devices and cameras has decreased; therefore, it is
feasible to access and monitor parts of infrastructures
through autonomous systems, such as unmanned aerial
systems (UASs) (Kang and Cha 2018). Individuals can
create datasets from their resources. For example, Yang et
al. (2018) created a collection of 800 images of various
cracks with 224 x 224 pixels to achieve semantically
identification and pixel-wise segmentation.

However, building a new dataset is not easy. The manual
annotation of crack images relied on experts, making it
costly, time-consuming, and laborious, as mentioned before.
Therefore, the high cost of annotation is an obstacle in
increasing limited databases. In particular, the amount of
unlabeled crack images is increasing dramatically with the
increasing development of diversified image acquisition
methods. To deal with this problem, active learning can be a
promising solution by identifying the most informative
crack images. Annotating these selected crack images to
build a dataset can support sufficient supervision
information and reduce the requirement of labeled crack
images dramatically.

In the machine learning community, the attempt of
active learning is to maximize a model’s performance while
annotating the fewest samples possible. (Ren et al. 2020)
Active learning can be used as a method to reduce the cost
of samples annotations, while retaining the powerful
learning capabilities of deep learning. In the machine
learning, both semi-supervised learning and active learning
utilize the labeled and unlabeled samples on autonomous
label engineering. Generally, semi-supervised learning does
not require manual participation, and it can automatically
label the unlabeled samples through a benchmark classifier
with a certain classification accuracy. One of the
characteristics of active learning, which is different from
semi-supervised learning, is that the selected high-value
samples need to be marked manually and accurately. Semi-
supervised learning replaces manual labeling with
automatic or semi-automatic labeling by computer.
Although the labeling cost is effectively reduced, the
labeling results depend on the classification accuracy of the
benchmark classifier trained with some labeled samples, so
the labeling results cannot be guaranteed to be completely
correct. In contrast, active learning selects samples
manually and does not introduce error class labels.

The first application of active learning in SHM is
conducted by Wang et al. (2020). They proposed a
sampling and training method based on active learning to
treat class imbalances. In Wang’s study, highly complex, yet
informative images were successfully selected out and a
very large amount of annotation work was saved. However,
the crack detection in the study was based on the

classification of crack images and non-crack images with a
re-tuned AlexNet. Besides, the way of measuring the image
information is an application of cross entropy, without a
comparison of other active learning methods.

The active learning method can be divided into two
groups: uncertainty-based (Wang et al. 2017, Cai and Wei
2020, Yoo and Kweon 2019) and representation-based
(Sener and Savarese 2017, Sinha et al. 2019). The
representation-based groups consider active learning as an
approximation of the entire data distribution and query
samples to increase data diversity, such as Core-set (Sener
and Savarese 2017) and VAAL (Variational Adversarial
Active Learning) (Sinha ef al. 2019), which can be directly
used in semantic segmentation. The main idea of
representation-based methods attempts to use the core set to
represent the distribution of the feature space of the entire
original dataset, without reducing the diversity of dataset.
The Core-set considers active learning as a problem to
searching the best set from unlabeled data. The VAAL
considers both the data distribution and the model
uncertainty, to avoid the interference of abnormal data. The
representation-based method is not particularly designed for
segmentation tasks. However, it’s still necessary to examine
this kind of method for the crack segmentation task. In this
study, Core-set, is used to yield crack images from the
unlabeled dataset in the active learning experiments and its
performance is discussed in detail in Section 4.

There are also some methods that are specifically
designed for the semantic segmentation task. These
methods can be divided into two groups: region-level
(Mackowiak et al. 2018, Siddiqui et al. 2020) and image-
level (Kuo ef al. 2018, Wang et al. 2017, Yang et al. 2017).
Region-level methods only sample the informative regions
from images. By Mackowiak et al. (2018), MC dropout
(Monte-Carlo dropout) uncertainty was combined with an
effort estimation regressed from the annotation click
patterns. Through hand-labeling a few, automatically
selected, regions within an unlabeled image corpus, the
annotation work was reduced. The regions of one image are
the key to save label cost. For crack images, unlike the
semantic datasets, there are no large regions for selection
and cracks usually make up a small part of one image.
Image-level methods calculate the complete image. Yang et
al. (2017) proposed suggestive annotation (SA), trained a
group of models on various labeled sets obtained with
bootstrap sampling, and selected samples with the highest
variance. It shows the potential of active learning in pixel-
wise binary segmentation tasks. Kuo ef al. (2018) adopted
Query-By-Committee (QBC) strategy and proposed a cost-
sensitive active learning method. The idea of QBC is to run
multiple models on the same example and use their
disagreement to estimate uncertainty. the cost-sensitive
system is diverse and meaningful, maximizing the return on
investment. It is more helpful when an image has a big ratio
of the parts that need annotation, like bleeding in Kuo’s
biomedical segmentation work. The system is sensitive to
the annotation cost and efficiency. For the crack
segmentation task, since there is no such research on
different active learning methods. The mentioned methods,
including  representation-based =~ method  Core-set,
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uncertainty-based method Entropy, and QBC are applied in
this study.

Inspired by the work of Xie et al. (2020), the semantic
difficulty can be used to measure the informativeness and
select samples at the image level for the crack segmentation
tasks. The difficulty map can be learned with a self-
attention mechanism. The typical crack geometrical
characteristics, long and thin, get more attention and
relatively receive a reasonable weighted information
measurement. By Vaswani et al. (2017), the self-attention
mechanism is first proposed for machine translation.
Because of its intuition, versatility, and interpretability
(Chaudhari et al. 2019), the self-attention mechanism is
extensively studied for many tasks (Vaswani et al. 2017,
Zhou et al. 2018). Many segmentation tasks adopt the
attention module to capture long-range dependencies. Pan et
al.  (2020) not only considers the semantic
interdependencies in spatial and channel dimensions, but
also adaptively integrates local features into their global
dependencies. Wang et al. (2018) designed two types of
attention modules to exploit the dependencies between
pixels and channel maps. The pixel-wise positional
attention mechanism by Wang et al. (2018) that is used to
aggregate similar pixels shows more details of targets and
makes the object boundaries clearer, such as ‘pole’ and
‘sidewalk’. Considering the geometrical similarity with
crack, the position attention is adopted to improve
segmentation results. Moreover, through the attention
mechanism, with the obtained difficulty map, the
calculation of one image uncertainty is improved. The hard
part of crack segmentation, the edge of the crack, can get a
higher weight in the information evaluation. Based on the
selected crack images, the advantages of the proposed
method which is especially designed for crack segmentation
task are verified on four segmentation networks and are
compared with several traditional active learning strategies.

Crack Image

Segmentation Network

2. Methods

Before introducing our method, the definition of an
active learning problem is first given as follows. For an
initial labeled dataset D!, there are samples and the
corresponding labels. For a much larger unlabeled dataset
DY, it contains unlabeled samples. Active learning aims to
iteratively propose a subset D°®, which contains the most
informative m samples selected from D (where m is a
fixed constant, called ‘Budget’) (Xie et al. 2020).

In this study, an active learning method with a difficulty
learning mechanism is introduced to select the most
informative crack images. Considering the background
diversities and shape disparity of cracks, a semantic
difficulty difference exists among different semantic areas.
To capture this difference, a two-branch network with
difficulty learning mechanism is adopted in the method.
One branch acts as a segmentation means, and the other one
works for difficulty learning. The former segmentation
branch adopts a common segmentation network. In our
experiments, four segmentation models including U-Net
(Ronneberger et al. 2015), PSPNet (Zhao et al. 2017),
Feature Pyramid Network (FPN) (Lin et al. 2017), and
DeepLabV3 (Chen et al. 2017), are used for evaluation.
Through the segmentation branch, the probability map and
prediction result are generated. After comparing the
prediction results and ground truth, the wrong prediction is
obtained. For the latter difficulty learning branch, the wrong
prediction result is leveraged as the supervision. In the
second branch, a pixel-wise attention module is adopted
first to aggregate similar pixels, and learn the proportion of
misclassified pixels as the difficulty score. In the last of the
second branch, the semantic difficulty map is obtained.
Based on the difficulty map and the uncertainty map from
segmentation, an acquisition function is utilized to measure
the informativeness of images in the unlabeled dataset D*.
These unlabeled images are ranked by their informative-
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Fig. 1 Overview of the active learning method with difficulty learning mechanism
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ness. The most informative m samples of them are selected.
After annotation by experts, the selected m samples form a
subset D®. This subset is added to the labeled dataset D!,
and subtracted from D™. The final D* is then ready for the
next active learning stage. The overview of the active
learning method with the learning mechanism is shown in
Fig. 1.

Subsequently, a more detailed active learning
framework is introduced. Then, the probability attention
module and loss functions are presented. Finally, the
acquisition function combined with learned difficulty maps
is given.

2.1 Active learning framework with difficulty
learning mechanism

A two-branch network is built to complete a multi-task
manner, and generates crack segmentation predictions and
difficulty maps. The structure of the network is displayed in
Fig. 1. The first branch is a common segmentation network.
As illustrated in Fig. 1, the output of the sigmoid layer is
assumed as S¥, and the prediction result S? is generated at
the threshold of 0.5. By comparing SP and the ground
truth S9, the wrong prediction result SY that will be used
at the second branch to learn semantic difficulty, is
computed using the following equation

N

L

e oP g
{1 if ST # S 0

0 ifSf =59

where S} is the i*" pixel value of the wrong prediction
result, and S{ and S/ represent the i*" pixel value of
prediction result and ground truth, respectively.

The second branch comprises two parts. The first part is
a probability attention module. The sigmoid output of the
first branch S° is directly used as the input of the second
branch. For the crack segmentation task, S° is a one-
channel probability map. Thus, the input of the second
branch, named P, is the shape of C x H x W (Chanel X
Height x Width). There is an advantage by directly using
probability maps, because pixels with similar difficulty are
likely to have a similar probability vector. If they are
combined with a pixel-wise attention module, similar pixels
are easily aggregated and similar difficulty scores are
attached to them. The detailed attention module will be
further illustrated in Section 2.2. The second part of the
second branch is a simple 1 x 1 convolution layer to process
the output of the probability attention module for binary
classification.

In conclusion, the whole semantic difficulty learning
process can be divided into two steps. First, a learned
segmentation network is trained with the wrong prediction
results S*. Thereafter, every pixel will learn a semantic
difficulty value. Finally, the semantic difficulty map S¢ is
obtained.

2.2 Probability attention module

The probability attention module in our method is
explained in detail in this section. According to Fu et al.
(2019), pixels with similar probability will be aggregated

through this module. The input of the second branch, i.e.,
the probability map P, is the shape of C x H x W. P is
first reshaped into C x K, in which K is calculated by H x
W. Then, the attention matrix A, which is the shape of K x
K, is generated with PTP and a sigmoid operation as
follows

exp (P! P))

4 = Liexp (P F) @
K

Q; =VZ(AjiPi)+Pj 3)
i=1

where Aj; is the i*" pixel’s impact on the j** pixel, P; is
the probability vector of the jt* pixel in the probability
map P, Q; is the result after attention y is a learnable
weight factor. The final probability map after the attention
module (Q) is obtained.

Moreover, the probability attention module (Fu et al.
2019) is designed to capture the position relationship of
pixels. The boundaries of objects, like ‘pole’, are paid more
attention and predicted more precisely. The crack has a
similar geometrical characteristic with ‘pole’. The edge of
cracks also is a key point and hard part for pixel-wise
segmentation. The promotion of probability in the method
is verified through an ablation study by removing this
module. The detailed discussion is shown in Section 4.2.

2.3 Loss functions

2.3.1 Loss of semantic segmentation

In the crack segmentation task, one crack image usually
contains only 3% pixels that belong to the crack, which is
particularly unbalanced. According to Milletari ef al.
(2016), Dice loss contributes to datasets that contain
unbalanced samples. Moreover, it can improve the main
certification standard (IoU), and it is a proper choice for our
crack segmentation task. It is defined as

L sy 2SI
seo (31050 = S 5Py + 3, G

“)

where SP,59 are the segmentation output and ground
truth, respectively; SP, S7 are the values for the i pixel,
and N is the total pixel number.

2.3.2 Loss of semantic difficulty

For the semantic difficulty branch (the second branch),
an inverted weighted binary cross-entropy loss is used,
while considering the imbalance between the right and
wrong areas of error mask. It is defined as

N
1
Lqir(S4,8%) = _NZ 1,8 log(SH)

£ (5)
+2,(1 = SM)log(1 — S&)

N w _
Zi f(sl - 0) (6)
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where S9,S% are the difficulty map and wrong prediction
result map; S?, SY are the i*" pixel value, N is the total
pixel number, f(-) is the indicator function, and A; and
A, are dynamic weight factors.

2.3.3 Final loss

The network is trained with the final loss, considering
both the segmentation and difficulty loss. The final training
loss is a simple combination of Egs. (5) and (6). It is
computed as

L = Lgoy(SP,59) + Lgir (54,5%) (7)
2.4 Acquisition functions

In active learning, samples from the unlabeled dataset
DY will be scored and ranked using different acquisition
functions. If the traditional acquisition function is combined
with the difficulty maps yielded in network, it can be
improved. Normally, the traditional functions are
considering pixels in an average way and are not concerned
that different pixels have different difficulty to learn. For
crack segmentation, the difficulty map is utilized to add
weights to different pixels. In this way, pixels that are
considered as hard to learn will be attached to higher
weights, and pixels which are easy to learn will get lower
weights. Assuming that MY is the uncertainty map
generated with traditional acquisition function and S¢ is
the difficulty map, the acquisition function for one image is
given as follows

N
1
F= Nz MEs? )
i=1

where M}, S% are the traditional uncertainty score and
difficulty value of the it" pixel, respectively; N is the
total pixel number, and F is the new uncertainty score of
one image to select samples with the most informativeness.

2.5 Processing flow

The steps of the processing flow are given in the
following list:

(1) Acquire an unlabeled database.

(2) Select randomly an initial 10% of the samples from
the unlabeled database. Annotate these samples to
form D', and use the rest of the unlabeled samples
to form DY

(3) Take D!, D% as the input, set the constant budget
number m, the active learning query times N, the
initialized network parameter 0, and the iterations
T.

(4) Train the two-branch network on D! for T
iterations. In one iteration, with the samples from
D', the segmentation output S and prediction
result SP are obtained by the first branch. Then,
according to Eq. (1), S¥ is computed. The
difficulty prediction S is proposed by the second
branch. According to Eq. (7), the final loss L is
calculated. In the last, the network parameter 6 is

updated using gradient descent.

(5) Rank unlabeled samples from D% wusing the
trained network from step 4, according to Eq. (8).

(6) Select the top m samples from D*. Annotate them
to form the subset D®.

(7) Add DS to D', and subtract DS from D¥.

(8) Back to step 3, repeat steps 3 to 7 for N times.

(9) Get the final D', D%, and trained network
parameter 6.

3. Experiments

In this section, the evaluation dataset is first introduced.
Then, some additional remarks are made to the
implementation details. The structures of U-Net,
DeepLabV3, FPN, and PSPNet are simply presented. The
five acquisition functions that are used for comparison,
(Random, Entropy, QBC, Core-set, and ours) are
introduced. The results of four networks trained with full
training images are discussed. After the basic performance
of the four networks on crack segmentation is obtained, the
active learning experimental results at different stages are
presented and discussed. Lastly, the experimental results for
removing the probability attention module are discussed.

3.1 Evaluation dataset

The crack images are provided by the International
Project Competition for SHM (IPC-SHM 2020)
ANCRISST (Bao et al. 2021). There are 80 crack images
with a resolution of 4396 X 3928. These images contain
the crack information inside a steel box girder. They are
labeled by experienced experts; the 80 images have
corresponding labels. Because of the limitation of computer
resources, it is difficult to deal with these high-resolution
images directly. For convenience, the 80 images are
cropped into much smaller images of 320 X 320. Finally,
790 small samples containing cracks are obtained. Some
samples are shown in Fig. 4. Of these 790 samples, we
randomly select 100 samples as the validation set, and 190
samples as the test set. The remaining 500 samples are
treated as the training set. The detailes are listed in Table 1.
Following the active learning process, 10% of the data are
randomly selected from the training set as the initial
annotated dataset, then iteratively query 5% of new data
from the remaining training set, which serves as the
unlabeled dataset. The percentage of every iteration and the
initial ratio are constant in the active learning experiment, to
make sure it not fine re-tuned, which makes the method
more applicable.

3.2 Implementation details

When constructing the segmentation network in the first

Table 1 Details of evaluation dataset

Classes Train Valid  Test Initial Budget I“?age
labeled size
1 500 100 190 50 25 320 x 320
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Fig. 2 The encoding-decoding structures of evaluated segmentation networks

branch, a uniform structure of encoding-decoding is
adopted. The ResNeXt-50 (Xie et al. 2017) is used as the
encoding structure to extract features. The decoding part is
different for the four networks in the experiment. In
training, mini-batch SGD (Zhang et al. 2020) with
momentum of 0.9 and weight decay of 5e~* is used. The
batch size is /0. For all networks, acquisition functions and
the upper bound method with the full training data, the
networks are trained for /00 epochs. Similarly to (Chen et
al. 2018), the “poly” learning rate strategy are applied and
the initial learning rate is 0.000/ and multiplied by

iter 0.9 .
(1 — - ) . To accelerate the calculation of the
total_iter

probability attention module, the input of the difficulty
branch is resized to 80 x 80, rather than the original 320 x
320. The tradition acquisition function that is combined
with the difficulty map is Entropy.

3.3 Evaluated segmentation models

All the experiments are relying on U-Net, DeeplabV3,
FPN, and PSPNet. The characteristics and comparisons of
the four networks are given as follows:

o U-Net is a traditional and legendary fully CNN for

semantic image segmentation. The encoding and
decoding parts are connected with skip connections.
The encoding part extracts features of different
spatial resolution. These features are then used by
the decoder to generate a segmentation mask.
Typically, U-Net uses concatenation for fusing
decoder blocks with skip connections (see Fig. 2(a)).
DeepLabV3 is a widely used segmentation network.
It adopts modules that employ atrous convolution in
cascade or in parallel to capture multi-scale context
by using multiple atrous rates. Furthermore, the
atrous spatial pyramid pooling (ASPP) module is
augmented in DeepLabV3. The ASPP module probes
convolutional features at multiple scales, with
image-level features encoding global context and
further boosting performance. So, DeepLabV3
attains comparable performance (see Fig. 2(b)).

Feature Pyramid Network (FPN) was the winning
entry in the COCO stuff 2017 competition. FPN
exploits the inherent multi-scale pyramidal hierarchy
of deep convolutional networks to construct feature
pyramids with extra marginal cost. The lateral
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connections are developed for building high-level
semantic feature maps at all scales. Compared with
PSPnet, FPN focuses on all features extracted by the
decoder and shows significant improvement (see
Fig. 2(c)).

e Pyramid Scene Parsing Net (PSPNet) adopts a
spatial pyramid pooling structure and demonstrates
outstanding performance on several semantic
segmentation benchmarks. PSPNet consists of an
encoder and a spatial pyramid (decoder). The spatial
pyramid builds on the top of the encoder, and only
uses features of low spatial resolution. Since PSPNet
ignores features of high spatial resolution, it is not
suitable for detecting small objects and producing
precise pixel-wise masks (see Fig. 2(d)).

Additionally, as mentioned in section 4.2, the decoder of
the four segmentation networks is the same, ResNeXt-50
(Xie et al. 2017). ResNeXt-50 and ResNet-50 (He et al.
2016) have similar numbers of parameters, but ResNeXt-50
shows better performance and only needs a few hyper-
parameters to set. Thus, ResNeXt-50 is chosen as the
encoder in the experiments. The pretrained encoder weight
is “ImageNet.” In Fig. 2, the encoding-decoding structures
of the four segmentation models are illustrated.

3.4 Evaluated acquisition functions

Five acquisition functions are used for comparison.
Random is a simple baseline method; Entropy and QBC are
two uncertainty-based methods. Core-set is a representation-
based method. The acquisition function we suggest is
combined with difficulty maps. All of them are presented in
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the following list:

e Random: each sample in D" is queried with uniform
probability, which is selected randomly.

e Entropy (Uncertainty): samples are queried with the
maximum mean entropy of all pixels. This method is
verified by Yoo and Kweon (2019), and is quite
competitive ~ for image  classification and
segmentation tasks.

e QBC (Uncertainty): methods that are designed for
semantic segmentation (Mackowiak et al. 2018,
Yang et al. 2017), use a group of models to measure
uncertainty. The efficient MC dropout is used to
represent these methods and report the best
performance out of both the maximum-entropy and
variation-ratio acquisition functions.

e Core-set (Representation): samples that can cover
best the entire data distribution are queried. A global
average pooling operation is applied on the encoder
output features of ResNeXt-50, and a feature vector
for each sample is obtained. Then according to
Sener and Savarese (2017), k-center algorithm is
used.

e Ours: the acquisition function in our method is the
combination of a traditional function and difficulty
maps. In the experiments, the Entropy is chosen as
the traditional function. The final acquisition
function is calculated by Eq. (8).

4. Results and discussions

The crack pixels only occupy 2%-3% of one image.
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Fig. 3 Training loss, validation loss, and validation IoU of U-Net, DeepLabV3, FPN, and PSPNet
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Table 2 Test results of networks trained with full training

data
Network U-Net DeepLabV3 FPN PSPNet
IoU 0.625 0.613 0.607 0.545
FWIoU 0.901 0.893 0.886 0.869
PA 0.922 0.909 0.895 0.877
MPA 0.931 0.917 0.923 0.885

Pixel accuracy is not very suitable for the crack
segmentation task. Since crack segmentation is a pixel-wise
binary classification problem, the evaluation index
intersection over union (IoU) is adopted. Every
segmentation network and method are run for 5 times, and
the average IoUs are reported. In the following subsections,
the upper bound results with full training dataset on four
segmentation networks are first discussed; thereafter, the
active learning results of different methods are presented.

4.1 Upper bound results with full training data

Fig. 3 shows the training history of four segmentation
models on the full training data (500 crack images). The
trend of training loss and validation loss indicate that 100
epochs are enough for network to learn crack features. The
validation IoU in the training is also shown in the Fig. 3.
Table 2 shows the test results of four networks, including
IoU, FWIoU (Frequency Weighted Intersection over
Union), PA (Pixel Accuracy), MPA (Mean Pixel Accuracy).
U-Net achieves the best IoU. For the other three networks
with similar pyramid structures, DeepLabV3 shows a bit of

Crack Image Ground Truth U-Net
p
: "
-

advantage of FPN; FPN is 11.4% better than PSPNet. As an
early proposed pyramid structure, PSPNet is known as not
being good for small objects. This phenomenon is also
observed on crack segmentation. FPN makes some
adjustments in the decoding structure. The strengthened
connection of lower and upper features helps remarkably to
yield precise segmentation prediction. DeepLabV3 is
famous for the spatial pyramid structure. It forms a strong
sense of both small and large objects, achieving better
results on COCO and other open datasets compared to FPN.
FPN also shows better performance than PSPNet on open
datasets in segmentation competitions. It indicates that
networks, which have a strong sense of upper and lower
features, can obtain good scores on open datasets/
competitions; they can also reach a good IoU remark on the
crack segmentation task.

Meanwhile, by connecting every feature level tightly
with skip connections, U-Net becomes the best network
structure among the four evaluated segmentation networks.

The visual presentation of the segmentation results
being predicted by different networks is shown in Fig. 4. As
shown in Fig. 4, crack images of the first three rows have
simple backgrounds. Prediction results of the four networks
are fairly accurate, with only those of PSPNet showing
some noise points. For the fourth row of Fig. 4, a crack in
the image is covered by a blue marking pen. Being
disturbed by human interference, this part of the crack is not
successfully predicted by all four networks. In the future, it
is expected to add more of this type of crack images for
training to improve predictions. For the last row of Fig. 4,
the crack image has a noticeable change in brightness. The
networks U-Net and DeepLabV3 handle this with a good

PSPNet

DeepLabV3 FPN

j

pdil'l‘"

Fig. 4 Representative crack images and predictions of U-Net, DeepLabV3, FPN, and PSPNet
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Fig. 5 Active learning stages on U-Net, DeepLabV3, FPN, and PSPNet

performance. For FPN and PSPNet, some pixels are
predicted incorrectly as cracks, and a crack in the dark part
is not predicted precisely. In conclusion, the visual
presentation in Fig. 4 is corresponding to the test results
shown in Table 2. For certain situations involving human
interference and complex background, it is possible to make
improvements.

4.2 Comparison results on active learning

The test IoU at each active learning stage: 10%, 15%,
20%, 25%, 30%, 35%, 40% of the full training set, are
recorded as evaluation metric. Depending on four
segmentation networks, every method is run 5 times and the
average loUs are reported, as mentioned previously.

The comparison results on active learning of the four
networks are shown in Fig. 5. The acquisition function that
is combined with difficulty maps (Ours) outperforms the
baseline function (Random) at all active learning stages on
the four networks. For earlier stages like 15% and 20%, the
performances of the four networks increase very quickly.
For later stages, the rising rate slows down. At the final
stage of active learning, when using 40% of the selected
training samples, an average performance of the upper
bound training results of 93% is obtained. However, for
different networks, the superiority of the acquisition
function combined with difficulty maps differs.

U-Net shows outstanding performance on full training
data. Providing much less training data does not affect
much its segmentation accuracy. At the initial stage, for 5%
of full training samples, U-Net still obtains 80% of the
upper method, which is the highest percentage among the

four segmentation models. Through different functions,
training budgets containing different informative level
samples are generated. U-Net learns well from these new
samples without being affected much by the level of
informativeness. As shown in Fig. 5, at different active
learning stages, various functions get very similar results.

For DeepLabV3 (see in Fig. 5), the acquisition function
combined with difficulty maps is beyond the baseline
function from the beginning to the end; but, it is not in the
lead at every active learning stage. At the early active
learning stage of 15%, the function combined with the
difficulty map and traditional method Entropy show similar
performance. At the later active learning stages of 30% and
35%, the Entropy has a higher growth rate and maintains
the leading superiority at the end of active learning. For
DeepLabV3, the Entropy method is competitive, but the
acquisition function combined with difficulty map does not
fall behind too much and it is still suggested.

For FPN (see in Fig. 5), the most representative
improvement is observed. At early stages of 15% and 20%,
it performs 10.6% and 5.6% better than the baseline
method. At the later stages of 35% and 40%, the function
we suggest has a more stable and smooth growth curve. In
the last stage of 40%, it maintains the best performance.
When considering the other functions, the Entropy method
also shows excellent performance. At the early active
learning stages, it does not catch up with the function
combined with the difficulty map. At the final stage with
more training samples, the segmentation ability of FPN
makes up for the shortage of informativeness.

PSPNet shows the weakest performance on the crack
segmentation task on full training data. In Fig. 5, at the



204 Jiangpeng Shu, Jun Li, Jiawei Zhang, Weijian Zhao, Yuanfeng Duan and Zhicheng Zhang

0.61

0.59

0.57

0.55

loU

0.53

0.51

—=—Qurs
0.49 —=—Ours without PAM
0.47 - * * * -
10 15 20 25 30 35 40
% of Labeled Data
(a) U-Net
0.58
0.56
0.54
0.52
=
~oo0s
0.48
—=—QOurs
0.46 —=—Qurs without PAM
0.44 . . ' *
10 15 20 30 35 40

25
% of Labeled Data
(c) FPN

0.56

0.54
052
0.5
0.48 —*=QOurs
—=—Ours without PAM
0.46 - L L
10 15 20 25 30 35 40
% of Labeled Data
(b) DeepLabV3
0.51
0.49
0.47
2 0.45
043
0.41 O
’ ——Ours without PAM
0.39 L -
10 15 35 40

25 30
% of Labeled Data

(d) PSPNet

Fig. 6 Comparison experiments of removing probability attention module (PAM) on U-Net, DeepLabV3, FPN, and PSPNet

initial active learning stage of 10%, all methods that depend
on PSPNet get the lowest IoU among the four segmentation
networks; this corresponds to the upper bound result trend.
Due to the weakness of PSPNet on crack segmentation at
the later active learning stage, the improvement of different
methods is not significant. The similar results of all
acquisition functions indicate that the amount of training
samples is more significant for raising IoU than the
informativeness level of training samples.

For different acquisition functions, their performance is
influenced by the segmentation ability of different
networks. Except for the function that is combined with the
difficulty map (Ours), different functions have a changing
advantage. Only the function used in the framework
maintains superior performance at most active learning
stages and gets the highest remark at the last stage. Thus, on
active learning for crack segmentation, the acquisition
function that is combined with difficulty map is
recommended.

To further understand the effect of probability attention
module, an ablation study is conducted by removing this
module. Four segmentation networks directly learn the
semantic difficult map without the attention among pixels.
Without the long-range dependence, pixels of the same
semantic can learn quite different scores because the
learned score of each pixel tends to be more sensitive to the
original uncertainty value. If it is combined with the
probability attention module, a smoother difficulty map is
learned; this is better for the annotators since the aggregated
semantic areas are close to the labeling units in the real
scenario. The comparison results between the ablation
models and the original ones are shown in Fig. 6. For all the

segmentation networks, the acquisition function with the
probability attention module can achieve better performance
at each active learning stage. Without the module, it
becomes hard to find samples with more balanced semantic
difficulty. Through the ablation study, the benefit of the
probability attention module is verified. For different
segmentation networks, the probability attention module is
suggested to be used in order to improve active learning.

5. Conclusions

In this study, a difficulty-learning active learning
method to select the most informative crack images is
proposed, aiming at promoting crack segmentation dataset
construction. An acquisition function that is combined with
difficulty and traditional uncertainty maps is utilized to
measure the informativeness of crack images in our method.
A steel box girder crack image dataset containing 500
images of 320 x 320 pixels for training, 100 for validation,
and 190 for testing is used for our experiments. Four
common segmentation networks, including U-Net,
DeepLabV3, FPN, and PSPNet, are applied to segment
cracks. A comparison study between our acquisition
function and traditional acquisition functions, including
Random, QBC, Entropy, and Core-set, is conducted on the
four networks. The role of probability attention module
(PAM) that is used in our method is evaluated by
experiments through removing this module.

e The most informative crack images for annotation
can be selected automatically and accurately using
our method. Using these selected crack images to
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build a dataset for training can provide sufficient
information for the crack segmentation network.

e At the final stage of active learning, when using 200
(40%) samples selected by our method the four
evaluated segmentation networks can obtain 92%-—
95% of the performance when using 500 (100%)
crack images for training.

e Additionally, the comparison study indicates that the
proposed acquisition function has more accurate
measurements for unlabeled crack images. The
evaluation index IoU of our acquisition function is
the highest at most active learning stages.

e The performance of acquisition functions is affected
by segmentation ability of networks on crack. The
relatively weak network on crack segmentation is
suggested to increase training sample amounts. More
informative samples are recommended to a relatively
strong network.

e The results of U-Net, DeepLabV3, FPN, and PSPNet
being trained with 500 (100%) crack images
demonstrate that networks with stronger connections
between upper and lower features in the decoder can
yield more precise crack predictions.

e The experiments of removing the PAM indicate that
the module is recommended for the active learning
method on the four segmentation networks at all
active learning stages.
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