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Abstract

Deep neural networks (DNNs) have substantially achieved
high predictive accuracy in many vision tasks. However, we
find that they are poorly calibrated for crack recognition
tasks, as these DNNs tend to produce both under-confident
and over-confident predictions in such safety-critical applica-
tions, thereby limiting their practical use in real-world sce-
narios. To address this issue, we propose a novel attack-
inspired calibration loss (AICL) that explicitly regularizes
class probabilities to be better confidence estimation. Specif-
ically, we first propose the attack-inspired correctness esti-
mation method (ACE) that aims to estimate the correctness
degree of each sample via adversarial attacks. Then, we pro-
pose Correctness-aware Distribution Guidance, which starts
from a distribution perspective that enforces the ordinal rank-
ing of the predicted confidence referring to the estimated cor-
rectness degree. The proposed method can be conveniently
implemented on top of any DNNs-based crack recognition
model by serving as a plug-and-play loss function. To ad-
dress the limited availability of related benchmarks, we col-
lect a fully annotated dataset, namely, Bridge2024, which
involves inconsistent cracks and noisy backgrounds in real-
world bridges. Our AICL outperforms the state-of-art cal-
ibration methods on various benchmark datasets including
CRACK2019, SDNET2018, and our BRIDGE2024.

Datasets — https://github.com/cheny124800/AICL

Introduction

Crack recognition has proved to be the critical stage in struc-
ture health monitoring (SHM) (Chen et al. 2023, 2024c,a).
Recurring bridge collapses underline the importance of reg-
ular and thorough structural inspection (Crawford 2023). In
this regard, cracks have a significant impact on the mechan-
ical behavior of structures and their identification can reveal
structural stress mechanisms, which is an important part of
SHM to ensure structural safety and durability (Koch et al.
2015). Moreover, recognizing and repairing cracks before
the onset of serious deterioration can ease the heavy main-
tenance cost. However, due to the low signal-to-noise ratios
and inconsistent shapes (Yuan et al. 2020), crack recogni-
tion remains challenging in realistic environments (Nguyen
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Figure 1: Reliability diagrams: crack recognition without
calibration on SDNET2018 and CRACK2019 datasets. The
diagram is expected to plot an identity function of accuracy
with respect to confidence. It is worth noting that the devi-
ation from a perfect diagonal represents the miscalibration,
such as the gap between the blue and pink histogram.

et al. 2023). To address this, inspired by the great success of
deep learning technology in general image and audio recog-
nition tasks (Li et al. 2022; Mi et al. 2023, 2024; Li et al.
2024b), previous works mainly try to achieve high crack
recognition accuracy by leveraging powerful Deep neural
networks (DNNs) (Nguyen et al. 2023; Li et al. 2024a; Chen
et al. 2024d). For example, (Li et al. 2023) adopt ResNet50
to achieve high accuracy in recognizing cracks. Moreover,
a new Transformer-based Road crack identification system
(Han et al. 2022) is designed to classify cracks and non-
cracks images.

Unlike these works, we argue that, as a safety-critical
application, crack recognition should not only care about
high accuracy but also accurate model confidence. For in-
stance, a trustworthy crack recognition model should safely
reject predictions with low confidence, however, if it mis-
takenly skips reviewing an incorrect prediction (i.e., a crack
sample has been wrongly classified as the non-crack class
with high confidence), it may lead to serious deterioration
as those cracks can not be repaired in time. Hence, a high-
quality confidence estimate from DNNss is required for prac-
tical crack recognition applications. However, it has not been
studied in the crack recognition scenario, which gives rise to
one fundamental question: Are the current crack recogni-
tion methods well-calibrated, i.e., providing a high-quality
confidence estimation?
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Figure 2: Reliability diagrams: crack recognition with the
existing calibration methods on SDNET2018 dataset.

To answer the above question, we present experiments as-
sessing the relationship between confidence and accuracy on
crack recognition tasks. Surprisingly, as shown in Figure 1,
we discover that existing DNNs are far distant from being
well-calibrated in crack recognition scenarios, and more im-
portantly, DNNs tend to be both under-confident and over-
confident in their predictions, which is different from other
general classification tasks that are often over-confident (Ku-
mar, Sarawagi, and Jain 2018). DNNs being under-confident
means that many predictions are distributed in the low-
confidence range, and therefore, some cracks may be fail
to recognized. Meanwhile, DNNs being over-confident indi-
cates that many predictions are distributed in the high confi-
dence range, and therefore, some non-crack samples may be
classified into crack classes, thereby increasing the manual
checking workload. This leads to another natural question:
Are the existing confidence calibration methods flexible for
crack recognition tasks?

Generally speaking, the confidence calibration is to cal-
ibrate the outputs (also known as logits) of DNNs. Nat-
urally, a typical way is to re-scale the logits of a trained
model via a single temperature scaling parameter (Guo et al.
2017). However, these methods are architecture-dependent
and heavily rely on a representative held-out validation set,
which may have no access in complex real-world scenar-
ios (Liu et al. 2022). Moreover, to achieve implicit model
calibration, MbLS (Liu et al. 2022) is proposed to design
margin constraint logit distances. By considering the differ-
entiable surrogate for expected calibration error, DECE (Bo-
hdal, Yang, and Hospedales 2023) is proposed to serve as a
novel loss function and show its effectiveness in supervised
classification tasks. Now, to answer the previous question,
we present experiments on the BRIDGE2024 dataset with
the above calibration methods including MbLS and DECE.
Figure 2 shows that the current crack recognition model
with the help of these confidence calibration methods is still
far from well-calibrated. The reason is that the inconsistent
cracks in varying sizes and shapes make DNNs tend to be
under-confidence in the prediction, even if the prediction is
right. Meanwhile, the noisy texture patterns of the surround-
ing background tend to make DNNs make an over-confident
wrong prediction. Thus, a crucial question remains: How to
calibrate the confidence predictions given by DNNs so as to
make them more trustworthy for crack recognition tasks?

To answer the above question, we first revisit the defini-
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tion of a well-calibrated DNN: The predicted confidence is
well-aligned with the likelihood of the sample being cor-
rectly classified. Thus, the key is to align the increase/ de-
crease trend of confidence and correctness. To achieve this,
the essential question is how to estimate the correctness of
the current prediction. Generally speaking, a high correct-
ness of the current prediction indicates that the correspond-
ing features are not vulnerable to attacks. Meanwhile, the
features of inputs that are vulnerable to attacks have a small
likelihood of being correctly classified. As shown in Fig-
ure 3, to find the mis-classified adversarial variants of in-
put features, the features with low correctness require less
rounds than those with high correctness. By exploiting this
effect, the proposed attack-inspired correctness estimation
method (ACE) is allowed to estimate the correctness degree
of current predictions by performing adversarial attacks on
feature embeddings.

Then, with the help of the ACE, one plausible guidance
for confidence calibration is to enforce a sample that in-
volves a high correctness degree (i.e., needs large adversar-
ial attack rounds) to have larger predicted confidence than a
sample that involves a small correctness degree (i.e., needs
small adversarial attack rounds). However, such a sample-
level guidance, though simple, is overly restrictive as it re-
lies on the success of the estimated correctness for each
sample, leading to inferior crack calibration performance
(see details in the experiment section). Instead, we propose
Correctness-aware Distribution Guidance that consider the
above guidance at a distribution level. Specifically, suppose
that we have two distributions: (1) where samples in the first
distribution involve high correctness; (2) where samples in
the second distribution involve low correctness, then the ex-
pectation of predicted confidence with respect to the first dis-
tribution is supposed to be larger than that of the second dis-
tribution. Such guidance provides more flexibility for each
sample during training, as it is not strictly dependent on the
well-estimated correctness degree for each sample.

The contributions of this paper are four-fold:

To the best of our knowledge, this is the first work to
study the trustworthy problem of DNNs in crack recog-
nition scenario, and discover one unique characteristic of
this scenario, i.e., the predictions made by DNNSs are usu-
ally both over-confident and under-confident.

Investigate the relationship between the adversarial at-
tack and the correctness of predictions: the features of
inputs vulnerable to attacks are likely to be correctly clas-
sified. Then, we propose the attack-inspired correctness
estimation method (ACE) that aims to estimate the cor-
rectness degree of current predictions.

Propose attack-inspired calibration loss (AICL) to cal-
ibrate crack recognition models via our Correctness-
aware Distribution Guidance. It allows us to provide
guidance at a distribution level, contributing more flex-
ibility for the correctness estimation from ACE.

Propose a labeled bridge dataset, namely, BRIDGE2024,
which contains accurate annotations, to facilitate the re-
search about trustworthy crack recognition for the real-
world applications.



Related Work
Crack Recognition

According to previous research (Nguyen et al. 2022), image-
based crack recognition via classification approaches can be
clustered into two groups: traditional approaches and deep
learning approaches. In the traditional approaches, there are
two stages of the method. In the first stage, hand-craft fea-
tures are extracted by different types of descriptors, e.g.,
HOG (Kapela et al. 2015) and LBP (Varadharajan et al.
2014). And then, a pre-trained classifier is applied to ex-
tract potential crack patches (Fang et al. 2020). With the de-
velopment of deep learning (DL) technology, many existing
works integrate deep learning techniques for crack recogni-
tion tasks (Fang et al. 2020). The typical DL methods first
train the Convolution Neural Network (CNN) (Gopalakrish-
nan et al. 2017; Zhang et al. 2016) on sub-images, then use
the trained model to scan the high-resolution image with
a sliding window (Cha, Choi, and Biiytikoztiirk 2017) to
coarsely locate the crack by classifying each sub-image.
These works focus on how to design and train a powerful
CNN model for identifying crack regions on sub-images of
99 x 99 pixels (Eisenbach et al. 2017; Zhang et al. 2016),
120 x 120 pixels (Chen and Jahanshahi 2016), 200 x 200
pixels (Zhang, Cheng, and Zhang 2018), 224 x 224 pix-
els (Chen et al. 2022), and 256 x 256 pixels (Cha, Choi,
and Biiyiikoztiirk 2017; Dorafshan, Thomas, and Maguire
2018).

In this paper, we reveal that the existing DNNs are far
distant from being well-calibrated in crack recognition sce-
nario. To address the limitations of existing research, we fo-
cus on studying the trustworthy problem of DNNs in crack
recognition, an area that has been overlooked thus far.

Adversarial Attack

Essentially, adversarial attacks can be divided into two
types: (i) black-box setting and (2) white-box setting. Gen-
erally, the gradient-based attack methods under the white-
box setting are more practical and powerful on real tasks
(Zhou et al. 2020). Typically, the fast gradient sign method
(FGSM) changes the clean seed image by taking the gradi-
ent sign of the model loss function in one step (Goodfellow,
Shlens, and Szegedy 2014). Then, x-step projected gradient
descent method (Madry et al. 2018) (PGD-x) works itera-
tively and can be viewed as an iterative version of FGSM,
which produces adversarial examples to fool the model by
directly increasing the loss of the model.

The most recent work that is close to ours, (Qin et al.
2021) leverages adversarial robustness as an indicator to
smooth the training labels, and then improve model calibra-
tion adaptively. Our work, instead, explores the relationship
between the adversarial attack and the correctness degree of
predictions, to calibrate crack recognition.

Confidence Calibration

The goal of model confidence calibration is to well align the
model’s predictive confidence with the actual likelihood of
its correctness (Munir et al. 2024). To achieve this, the cur-
rent model calibration methods can be grouped into two cat-
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egories: post-hoc and train-time methods. The difference be-
tween the two categories lies in that the former require hold-
out validation set and involve a few parameters, whereas the
latter do not require validation data and involve all model pa-
rameters. The first category methods rely on an ideal hold-
out validation data, which may be hard to satisfy in many
real-world applications. In this regard, we mainly focus on
the second category. Train-time calibration methods aim to
design the auxiliary loss functions. Then, the DNN-based
model can be jointly supervised by the above auxiliary loss
function and the task-specific loss function, thereby achiev-
ing model calibration (Hebbalaguppe et al. 2022). For ex-
ample, DCA (Liang et al. 2020) is proposed for the medical
field in which neural network miscalibration has the poten-
tial to lead to significant treatment errors. Motivated by the
Hilbert space (Gretton 2013), (Kumar, Sarawagi, and Jain
2018) design an auxiliary loss via a customized reproducing
kernel. Furthermore, AVUC (Krishnan and Tickoo 2020) is
proposed to allow a model to learn to provide well-calibrated
uncertainties while improving accuracy. By considering the
multi-class difference in the confidence and accuracy, (Heb-
balaguppe et al. 2022) propose a novel loss function that
aims to calibrate the predicted confidence of all classes. To
achieve implicit model calibration, (Liu et al. 2022) pro-
pose a margin constraint logit distances based on the label
smoothing techniques (Miiller, Kornblith, and Hinton 2019).
Notably, (Bohdal, Yang, and Hospedales 2023) introduce a
novel differentiable surrogate for expected calibration er-
ror and show its effectiveness in supervised classification
tasks. Moreover, AR-AdaLS (Qin et al. 2021) improves la-
bel smoothing by explicitly teaching the model to differenti-
ate the training data according to their adversarial robustness
and then adaptively smooth their labels. ACE (Chen et al.
2024b) is proposed to maximize the predicted information
entropy by leveraging adversarial examples.

However, even if some works have explored the adversar-
ial attack for confidence calibration, they generally degrade
the classification accuracy of the original classifier, while
good accuracy is still a basic requirement for real-world
crack recognition applications. Notably, DNNs exhibit both
under-confidence and over-confidence in crack recognition
tasks, distinct from general image classification tasks. For
this reason, DNNS are still far from being well-calibrated in
crack recognition tasks with the above calibration methods.

Method

In this section, we introduce the proposed AICL. We start
with the motivation of the AICL, and provide the descrip-
tions of the attack-inspired correctness estimation method
(ACE) and the Correctness-aware Distribution Guidance
of AICL.

Motivation of AICL

Generally speaking, DNNs are more robust when they re-
quire more adversarial attack rounds to be successfully at-
tacked, thereby enjoying stronger generalization ability (Pe-
draza, Deniz, and Bueno 2021). For this cause, we have the
motivation that the sample is more likely to be successfully
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Figure 3: The relationship between the least number of it-
erations required for samples to be successfully attacked
and their prediction correctness. All experiments on three
datasets verify that attack numbers are associated with the
correctness of their corresponding prediction.
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Figure 4: Reliability diagrams: crack recognition with (w/)
and without (w/0) AICL on SDNET2018 dataset.

classified when it needs more adversarial attack rounds. Ac-
cordingly, our AICL is based on an intuitive idea: The least
attack numbers required to change the initial predicted
pseudo label are closely related to the correctness degree
of initial prediction.

To verify this intuition, we provide a series of experi-
ments on CRACK2019, SDNET2018, and our Bridge2024
datasets. More specifically, we first train the commonly used
ResNet-50 (He et al. 2016) with the supervision of cross-
entropy loss on the above dataset, respectively. Then, we ex-
tract the features of the samples for each dataset and perform
PGD attacks on these features to get the least number of it-
erations that are required to change the initial pseudo label.
After that, we calculate the mean accuracy of the samples
that need different attack numbers. Figure 3 shows that the
features involving small/large « are less/more likely to be
correctly classified. Thus, the correctness degree of current
predictions can be reflected by the least number of attacks.
Moreover, we also train the ResNet50 with and without the
supervision of AICL, and show the calibration performance
in Figure 4. We can observe that the model’s predictive
confidence and correctness are well aligned when AICL is
adopted for supervision. This further verifies that the attack
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number can reflect the correctness degree of current predic-
tions, and then we are allowed to calibrate crack recognition
models by regularizing class probabilities regarding the or-
dinal ranking of the estimated correctness degree.

Realization of ACE

Based on the previous discussions, the correctness degree of
initial predictions can be reflected by the least number of it-
erations required to generate its adversarial variant that can
change the initial pseudo label. Herein, we propose an effi-
cient attack-inspired correctness estimation method (ACE),
that aims to estimate the correctness degree of the current
prediction. Inspired by the existing method (Zhang et al.
2020), our method is distinct in that (1) we focus on explor-
ing the relationship between the least attack numbers (re-
quired to change the initial pseudo label) and the correctness
degree of initial predictions, and (2) we enjoy the efficiency
as it directly attacks the features, and does not require back-
propagation to the backbone during the attack process. The
corresponding pseudocode is presented in Algorithm 1.

Let D = {(x;,y;)}", be a dataset consisting of n
labeled samples. z; denotes the input sample and y; €
{1,2,3,..,C} indicates the ground-truth label of x;, where
C denotes the class num. Given the feature extractor F and
the linear classifier C, the adversarial attacks in ACE can be
interpreted as a multi-step scheme for maximizing the cross-
entropy (CE) loss function Lcg with respect to the feature
F, and the initial pseudo label §° of the sample z;, where
F, can be obtained by the feature extractor: F,,, = F(z;).
Then, 370 can be obtained as follows:

§° = argmax C(F,,)
key

)

Then, the (¢)™ adversarial variant }'gg? can be updated along
the gradient V ]_.@E(-) of Lcg with respect to .7-'3(;?. As a

consequence, ]—"ﬁH) can be obtained by the follows:

F£t+1) _ ./—_'ét)_+_

Moo g (75t8n (Vi Lee (€ (727) 7))

where 0" adversarial variant EE?) is initialized by F,. The

step size v is used to control the magnitude of adversarial
variant features change, and the project function 1T

@

BIFL) e
is used to project ]-'é? back into the center of Jfg), where
the metric e-ball controls its perturbation bound.

After that, the least number of adversarial attacks, i.e., re-
quired to change the initial pseudo label, can be obtained by

starting from .7-";?) until ¢,, adversarial variants that can fool
the current network to have different predicted label with
9°. Thus, in Algorithm 1, the certain stopping criterion is

that the predicted label of the ]—"g) is unequal to the initial
pseudo label g, or reaches the maximum attack number K.
Finally, the correctness degree x(x;) of the sample x; can be
approximated by the .



Algorithm 1: Attack-inspired correctness estimation method
(ACE)

Input: sample x;, feature extractor F, linear classifier C,
cross-entropy (CE) loss Lc¢g, class num C, label set ) =
{1,2,3,..,C}, maximum attack number K, step size -y, per-
turbation bound €

1: Feature extraction: F,,, = F(x;)

2: Initial pseudo label: §° = argmaz,.cy C(Fy,)
3: Adversarial feature initialize: ]-}E?) — Fu,

4: Attack number initialization : ¢ < 0

5: while K >0 do ®

6: V= HB[.FJ(E?,e] (v Sign(v}-;? Lee(C(F2),9%)))
o R R v

8: ifargmarcy <C(J—'£§“>) == ¥ then

9: t+—t+1
10:  else
11: k() «t+1, K=0
12:  end if
13: K+ K-1

14: end while
Output: Correctness degree x(x;)

Learning Objective of AICL

Now, given two samples z; and x;, we are allowed to ob-
tain the ordinal ranking of their correctness degree with the
help of ACE. Then, as mentioned before, the goal of confi-
dence calibration is to align the model’s confidence with the
correctness of current predictions. To achieve this, we are
encouraged to enforce the estimated confidence of x; and
2 to have a consistent ordinal ranking with their estimated
correctness degree by ACE:

k(i) < k()
U
conf(pilzi, 0, 0c) < conf(p;|z;,0r,Oc)

3

where con f(-) denotes a confidence function (e.g., the maxi-
mum class probability and margin) and x(-) denotes the cor-
rectness function of ACE. Herein, we adopt maximum class
probability as the confidence function. Note that p; and p;
represents the predicted class probabilities of sample x; and
x; by feature extractor IF and classifier C. Meanwhile, O
and f¢ denotes the parameters of IF and C.

Ideally, a promising approach is to learn the relationship
in Eq. 3 directly during training. Thus, it is intuitive to de-
sign a loss function to reflect the desirable ordinal ranking
of confidence estimates in Eq. 3. This loss function should
be affected by whether the ranking of two samples is right
or not, and the loss will be incurred when the relationship in
Eq. 3 is violated. For this purpose, a Sample-level Guidance
can be defined as:

Ly = maX{O, 79(”(9314)7 H(SC]'))'

4
(con f (pilxs, 05, 0c) — conf(p; |z, 05.0c)}
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where
1, if k(i) > r(xj)
g (k(zi),k(x5)) = 0,  if k(xi) =k(z;)  (5)
—1, otherwise

In practice, such a sample-level guidance follow the relation-
ship in Eq. 3, but results in inferior performance. The reason
is that it requires a well-estimated likelihood of each sam-
ple’s correctness, which is too overly restrictive for ACE.

Based on the above discussion, our AICL proposes an al-
ternate guidance strategy termed, Correctness-aware Dis-
tribution Guidance for calibrating crack recognition, which
loosens the reliance on an ideal ACE. The key idea is to
consider the relationship in Eq. 3 from a distribution per-
spective. To achieve this, we first define the input data x
such that z ~ P(z), where P(x) is the true data dis-
tribution. Then, we define correctness-conditional distribu-
tion P(z|k(x) t) where t € {1,---, K} denotes the
estimated correctness degree by ACE. Next, suppose that
1<t <t, < K, Eq. 3 can be reformulated as:

t'"l S tn
(8
Epnp(alr(@)=tm) (conf(plz, bF,0c)) <

Eynp(a|n(e)=t,) (conf(plz, O, 9@))(6)
where p represents the predicted class probabilities of sam-
ple x by feature extractor [ and classifier C. Now, we are
able to design a loss function to reflect the desirable ordi-
nal ranking of confidence estimation at the distribution level.
Such a loss function should be affected by whether the rank-
ing of the expectation of two distributions is right or not, and
the loss will be incurred when the relationship in Eq. 6 is vio-
lated. Then, our Correctness-aware Distribution Guidance
can be derived as:

Li= ).

1<ty <t <K

[Eunp (afn(z)=t,) (conf(plz, OF,0c))

- EwNP(a;M(x):tn) (COTLf(p‘IZZ, O, 0@())])
7
In summary, the learning objective of AICL can be derived
as L4 and is easily plugged into deep models.
Overall loss function. Herein, we adopt the CE loss Lo g
and L as our final loss function £ to calibrate deep models
in crack recognition tasks.

L=Lcr+ Nq, ®
where ) is used to balance the relative contributions of these

two loss terms. The sensitivity study of A is provided in the
experiment section.

Experiments

In this section, we present the essential experimental setup.
Then, to find the most suitable parameters K and A in
AICL, we carry out some experiments on different parame-
ters. Furthermore, to verify the effectiveness of our proposed
method, we not only compared it with other crack classifi-
cation approaches, but also compared it with other state of
the existing calibration methods. At last, we present ablation
study and visualization on the proposed method.



Method SDNET2018 BRIDGE2024
AUCT ACCT SENT SPECT Fif ECE] | AUCT ACCT SENT SPECT FIf ECE]

SDNET 8632 87.19 8720 7295 8213 104 | 9604 9575 9632 8897 92.18 687
SilvaNet 89.17 9043 88.19 7732 8332 878 | 99.01 9673 9518  89.43 9307  7.05
AliNet 8743 8932 8671 7468 8296 983 | 9873 9690 96.03  91.18 9394 7.1
DCrack 8892  90.14 8549 7394 8335 904 | 9742 9793 9712 9097 9483 5098
IVGG 9145 9202 87.82 7564 8317 956 | 9890 98.14 9758 9161 9503  6.78
ResNet50 + AICL | 90.18  91.63 8267 7331 8281 7.80 | 9925 9777 9736 92.07 95.88 2.10
VGG16 +AICL | 92.96 9240 8770  77.23 84.61 679 | 99.65 9749 9816 9157 9524 219

Table 1: Comparisons with the state-of-the-art crack recognition methods on SDNET2018 and BRIDGE2024 datasets. “AUC”,
“ACC”, “SEN” and “SPEC” are ROC curve, Accuracy, Sensitivity, and Specificity, respectively. Expected calibration error

(ECE) is adopted to evaluate calibration performance.

Experimental Setup

Here, we present detailed information regarding the crack
classification datasets and implementation details.
BRIDGE?2024. We collect this dataset from bridges via un-
manned aerial vehicles equipped with high-resolution cam-
eras, comprising 1000 images with the size of 4096 x 3072.
Due to the diversity of cracks in bridges, the captured images
of our dataset include cracks with different widths. Also, the
collected images contain noises, such as uneven illumina-
tion and blurred backgrounds caused by the unstable flight
stability. To augment the dataset without compromising the
resolution, we slice the captured images into image patches
of 400 x 400 pixels, composing a final dataset, which is care-
fully manually labeled in two classes: non-crack and crack.
The numbers of image patches in each category are 10965
and 2407, respectively. This dataset is divided into training
set, validation set, and test set at the ratioof 3 : 1 : 1.
CRACK2019 (Zhang et al. 2016; Ozgenel and Sorgug
2018). This dataset is partially from crack500 (Zhang et al.
2016), which is collected from Temple University and vari-
ous METU Campus Buildings. This dataset has 40000 im-
ages with the size of 227 x 227 pixels and involves two
classes: non-crack and crack, which each class having 20000
images. It is worth noting that this dataset is generated from
458 high-resolution images (4032 x 3024 pixels) with high
variance in surface finish and illumination condition. Thus,
it is challenging to classify these images with well-estimated
confidence. In our experiments, we divide it into training set,
validation set, and test set at the ratio of 3 : 1 : 1. This
dataset is available at !.

SDNET2018 (Dorafshan, Thomas, and Maguire 2018). The
total size of this dataset is 56000 with crack and non-crack
samples collected from various scenarios including bridge
decks, concrete walls, and pavements. More specifically, the
SDNET?2018 dataset contains cracks as narrow as 0.06 mm
and as wide as 25 mm with various types of noise, such as
shadow, scaling, edge, and hole (Dorafshan, Thomas, and
Maguire 2018). Herein, we follow the same settings as the
previous dataset that divide this dataset into the training set,
validation set, and test set at the ratioof 3 : 1 : 1.
Implementation details. For fairness, we select the com-
monly used ResNet50 (He et al. 2016) and VGG16 (Si-

'https://data.mendeley.com/datasets/5y9wdsg2zt/2
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monyan and Zisserman 2014) as the feature extractor.
Herein, we resize all the images into the size of 224 x 224
and perform data augmentation via random horizontal flip.
For all of these datasets, the total training epochs is set as
40 with an initial learning rate 0.01, and reduced by a factor
of 10 after 15, 25 epochs. Meanwhile, we adopt mini-batch
Adam as the optimizer with the mini-batch size 64. Accord-
ing to the sensitivity study, the maximum attack step K is
set to 5. During the initial period of the training epochs, the
attack numbers among different samples are less informative
when the classifier is not properly learned. For this reason,
the initial 10 epochs are burn-in period, in which we only
adopt CE loss for the supervision. For a fair comparison, all
methods are implemented with the same training configura-
tion when it is possible.

Evaluation metrics. Since we aim to verify the proposed
method can achieve good calibration performance while
maintaining classification performance, we report a series of
metrics that are concerned with real-world crack recognition
applications, including area under the ROC curve (AUC),
Sensitivity (SEN), Accuracy (ACC), Specificity (SPEC) and
F1. Meanwhile, we adopt expected calibration error (ECE)
with the number of bins set to 15 to evaluate model calibra-
tion performance (Naeini, Cooper, and Hauskrecht 2015).

Sensitivity Study on Hyper-parameters

There are two parameters that have been introduced in this
paper. The parameter K is introduced to control the max-
imum attack number. A is utilized to balance the proposed
loss and CE loss. The sensitivity study is carried out on
the BRIDGE2024 dataset with ResNet-50 as the backbone.
Based on these observations from Figure 5, we set K = 5
and A = 2.0 in our next experiments.

Comparison with Crack Classification Approaches

In this section, our method is compared to several baselines
including state-of-the-art robust crack classification meth-
ods: SDNET (Dorafshan, Thomas, and Maguire 2018) uses
the AlexNet architecture to detect the crack, SilvaNet (Silva
and Lucena 2018) uses the VGG16 architecture, AliNet (Ali
et al. 2021) proposes a customized ResNet50 architecture,
DCrack (Zhou and Song 2021) proposes novel deep con-
volutional neural network—based crack classification model,
IVGG (Que et al. 2023) proposes an improved VGG model



Method SDNET2018 BRIDGE2024
AUCT ACCt SEN1 SPECtT F11t ECE] | AUCT ACCtT SEN1T SPECtT F11 ECE]

FLSD 86.67 88.46  84.18 68.90  77.09 11.7 97.45 96.89  97.01 88.17 93.16 6.78
AR-AdaLS 87.54 89.10  85.28 69.19  78.00 9.76 97.16 95.64  96.50 8930 9298  6.04
MbLS 88.93 89.79  85.61 67.13  80.38 10.9 98.88 97.06  97.22 87.41 95.29  5.89
DualFocalLoss | 88.59 90.57  82.20 72774 80.52  8.60 99.01 97.73  95.69 93.61 9547 244
ACEnt 89.05 91.04  83.42 7159  81.82 830 99.10  97.03  96.18 9143 9489 3.6
DECE 87.19 89.04  84.27 69.18 7890  8.02 98.83 96.24 9594 86.70  93.05 3.21
AICL [ 90.18 91.63  82.67 7331 8281 7.80 | 99.25 97.77  97.36 92.07 9588  2.10

Table 2: Comparisons with the state-of-the-art calibration methods on SDNET2018 and BRIDGE2024 datasets. “AUC”, “ACC”,
“SEN” and “SPEC” are ROC curve, Accuracy, Sensitivity, and Specificity, respectively. Again, expected calibration error (ECE)

is adopted to evaluate calibration performance.

\/\/

\\/\

Figure 5: Hyper-parameter sensitivity study of K and A with
ECE as the metric on BRIDGE2024 dataset.

for pavement crack classification. Given that previous works
used ResNet-50 and VGG16 as backbones, we also use these
models as our backbones to ensure fairness.

Table 2 shows the comparisons with the existing crack
classification approaches evaluated on the test sets. In gen-
eral, the proposed method with ResNet-50 and VGG16 as
the backbone demonstrates its superior performance in both
classification and calibration performance against the base-
lines with large gaps. Especially, compared to the baselines
which also adopt VGG16 as the backbone, our approach
achieves state-of-the-art calibration performance on both
SDNET2018 and BRIDGE2024 datasets. This indicates that
utilizing Distribution-level Guidance plays a pivotal role in
calibrating crack recognition.

Comparison with Existing Calibration Methods

In this section, to further validate the superiority of the pro-
posed method, we conduct a series of experiments that com-
pare with the existing calibration methods on SDNET2018
and BRIDGE2024 dataset including: FLSD (Mukhoti et al.
2020), AR-AdaLS (Qin et al. 2021), MbLS (Liu et al. 2022),
DualFocalLoss (Tao, Dong, and Xu 2023), ACEnt (Chen
et al. 2024b), DECE (Bohdal, Yang, and Hospedales 2023).
Regarding the existing calibration methods, our method
also achieves superior performance. Compared with ACEnt
which considers adversarial calibration entropy, our method
achieves better performance by leveraging the relationship
between the adversarial attack and the correctness degree of
predictions. Meanwhile, the below table shows that the com-
bination of our method and the existing post-hoc method,
i.e., Temperature scaling (Guo et al. 2017), on BRIDGE2024
achieves the best competitive performance, as evidenced by

Methods Our
ECE | 2.10

Our+Temperature scaling
1.90

Table 3: Performance with Temperature scaling.

Methods Crack2019
F11 ECE|]

w/ Sample-level Guidance 96.54  4.19

w/ Distribution-level Guidance 99.84 0.20

Table 4: Performance comparisons of with (w/) different
level guidance on Crack2019 dataset.

reported results.

Ablation Study

Evaluation on the Correctness-aware Distribution Guid-
ance: As expected, AICL achieves better results by using
Distribution-level Guidance. Table 4 shows that it improves
the F1 and ECE by 3.3% and 3.99%. The reason behind
this effect is that Sample-level Guidance requires a well-
estimated likelihood of each sample’s correctness degree,
which is too overly restrictive for ACE.

Conclusion

In this work, we are the first ones to reveal that the predic-
tions made by DNNs are usually both over-confident and
under-confident on crack recognition tasks. To address this
problem, we first investigate the relationship between adver-
sarial attack numbers and the correctness degree of predic-
tions, and propose the attack-inspired correctness estimation
method (ACE) that aims to estimate the correctness degree
of current predictions. Then, we propose attack-inspired cal-
ibration loss (AICL) to calibrate crack recognition models
via Correctness-aware Distribution Guidance from the dis-
tribution perspective. The experiments on both crack and
general classification tasks demonstrate the superiority of
our method over the existing calibration methods. In further
work, we would like to consider leveraging detected infor-
mation to help real-world robotic planning (Li et al. 2020).
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