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A Bidirectional Self-Rectifying Network with
Bayesian Modeling for Vision-Based Crack
Detection
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Abstract— Robotic vision is increasingly applied for sur-
face inspection of built infrastructure. For this, it is essen-
tial to develop robust algorithms for semantic segmenta-
tion. This paper presents a deep learning approach using
a bidirectional self-rectifying network with Bayesian mod-
eling (BSNBM) for improving detection accuracy, in dealing
with the embedded uncertainty caused by false-positive la-
bels and nonlinearity in sequentially-convolutional blocks.
For integration with residual encoders, a feature preserving
branch is designed, wherein the output of previous dilated
convolutional blocks (DCBs) is upsizedly or downsizedly
passed on and concatenated with the following blocks re-
cursively and bidirectionally. Further, to achieve robustness
in feature representation with an acceptable level of credi-
bility, convolutional kernels are randomized via a Bayesian
model and adjusted per evidence update. As such, the
network becomes less sensitive to uncertainty and redun-
dant nonlinearity, which are inevitable in activation layers.
Experimental results confirm the advantage of our BSNBM
over current crack detection approaches.

Index Terms— Deep learning, Bayesian inference, hierar-
chical convolutional neural network, crack detection.

[. INTRODUCTION

Urface crack is a structural health indicator for the defect

in transportation and civil assets such as roads, bridges and
buildings. Their effective maintenance and evacuation plans in
residential zones for safety rest with the prompt inspection to
such signs of abnormal cracks. For dangerous and unattainable
inspection sites, it is wise to conduct robotic monitoring
on cracks using e.g., unmanned aerial vehicles (UAVs), un-
manned ground vehicles (UGVs). Vision-based crack detection
requires a strong technique to address the important issue
of similar binary segmentation [1] from the extraction of
generic features. With advances in neural computing, deep
convolutional neural networks (DCNN) have emerged as a
powerful tool that can effectively address this requirement in
order to improve robustness and accuracy by learning from
data.
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In deep learning, hierarchical connections have been proved
to be a network structure with stage-like transitions suitable
for categorical distinctions in classification. Such a structure
can better preserve the detail of patterns due to its multiscale
feature abstraction and superposed output, as required for
improving the performance of an image processing system
used in crack detection [2]. In addition, a merging residual
module [3] inspired by the residual effect of biological eyes
also extends the capacity of networks in terms of pattern ab-
straction. The residual modules equipped at the downsampling
pipeline can contribute positively to remedy the effect of blurry
images [4].

As with human vision, object recognition of occluded
objects would require recurrent processing with lateral con-
nectivity [5]. In this regard, recurrent neural networks (RNN),
originally designed to exploit the context in natural language
processing, have been applied to recent DCNN models to
improve the graphical abstractions. The latent correlation
between hierarchical abstractions enables DCNNS to track the
missing detail using the context information obtained along
the processing pipeline [6]. Despite the limited abstractions
provided by DCNNs, a similar self-rectification as recurrent
modeling can still be achieved by using iterative superposition
[7]. In addition, dilated convolution is commonly employed
in DCNNs to replace the standard convolutional layer. As
pointed out by [8], the effective receptive field of the dilated
convolution is larger than the standard one. Hence, the dilated
convolutional layers can provide enough receipt fields with
fewer layers and parameters to form a simplified architecture.
Incorporating those improvements, a hierarchically structured
residual network is proposed in this work for crack detection.

From the probabilistic perspective, the output of a neural
network can be regarded as the statistic representation of
data distribution. In most applications, deep learning architec-
tures mainly focus on the hypothesis of frequentist statistics,
which provides promising results after training from a large
dataset. However, frequentist networks with fixed parameters
often become overconfident on uncertainties and false-negative
samples such as misleading marks. These could affect the
network’s robustness with respect to a diversity of images
obtained from unmanned vehicles. For example, the training
set may be obtained from images with a better light condition
than the test images. In this case, the model is likely to
make confident predictions on crack candidates even when
the test images themselves contain vagueness with a low
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resolution. On the other hand, those networks with Bayesian
modeling [9] can provide an alternative to the pipeline for
inference. In Bayesian modeling, parameters of a model no
longer have fixed values but are generally determined and
optimized by its evidence [10]. Such Bayesian models possess
an advantage in achieving more accurate inference for crack
detection. However, the naive Bayesian model used in vision-
based inspection is often mathematically intractable in real-
world data. To address this problem, a reasonable solution is
to find an alternative distribution in lieu of the original model
for inference [11].

In this paper, Bayesian modeling is incorporated in the
proposed directional self-rectifying network to identify surface
cracks on a monorail bridge by robotic inspection with UAVs.
The images, collected by a formation of UAVs, are initially
converted to a probability map of crack candidates via hier-
archical feature extraction and Bayesian inference. The crack
patterns are then binarily restructured based on the probability
of the crack. Experiments on different datasets and on images
captured by our airborne robots verify the effectiveness of the
proposed bidirectional self-rectifying network with Bayesian
modeling (BSNBM) in comparison with recent crack detection
approaches available in the existing literature.

Our contributions include: (i) to propose a new hierar-
chical network to visually detect surface cracks, whereby
the abstractions of the image are bidirectionally extracted to
result in a balanced prediction, (ii) to develop lateral recurrent
connections between layers to exploit the context information
of correlated abstractions for feature preservation, and (iii)
to develop a gradient-sharing approach to embed Bayesian
inference in the network for uncertainty handling, wherein
the kernel parameters are updated under the supervision of
a hybrid loss.

The paper is organized as follows. After the introduction,
Section II presents the architecture of the proposed framework
and its probabilistic modeling for crack identification. In
Section III the Bayesian inference mechanism is developed and
applied to the proposed framework. Section IV describes our
robotic system for image acquisition, and the implementation
detail of two experiments for verification of the BSNBM merit
followed by a comparison with the relevant deep learning
framework for pixel-wise segmentation. Section V provides
the experimental results along with an ablation study. Finally,
a conclusion is drawn in Section VI.

Il. HIERARCHICAL RESIDUAL CONVOLUTIONAL NEURAL
NETWORK

A. Network Architecture

The structure of the proposed neural network is shown in
Fig. 1. Unlike the classic end-to-end autoencoder model [12]
with 5 convolutional blocks in the encoder side, our main
network here consists of three dilated convolutional blocks
(DCBs) with one dilated convolutional layer [13] sandwiched
by two standard convolutional layers per block. Those blocks
preserve the hierarchical abstractions of features in 3 different
scales. Inside the k" block, each layer conducts a standard
or dilated size-invariant convolutional operation with a preset

dilation rate (DR) and a quarter-size max-pooling operation for
the abstraction of crack features with 2(5t%) channels. With the
combination of several convolutional layers, the feature map
is refined after each block. Compared to the standard ones,
dilated convolutional layers process the image tensor using
sparser kernels with the same parameters as the original, which
extends the receipt field of the signal layer. In this case, the
DCBs can cover adequately reception with fewer layers and
parameters than the encoder of SegNet [12]. The convolutional
abstraction from each DCB is further enhanced by a forward
and a reverse enhancement branch (F/REB) bidirectionally and
finally fed into a feature merging net to produce the final
probability map of the crack using multiscale fusion.

B. Information Loss

We first consider the information loss in association of
an image feature. For this, let denote a training sample as
D = {(Y|X)}, where X = {z;;} and Y = {y,; } respectively
represent the pixel values of the original image and its corre-
sponding binary ground-truth mask, both of dimension I x .J,
and correspondingly an indicator defined as,

1 ifz—-(y=1)
ly”’(x”)_{ 0 ifz—(y=0).
The probability of an arbitrary pixel z;; being the landmark

can be calculated from the Boltzmann distribution ¢(z;;, yi;)
as,

(D

O(zij,yi5 = 1) _ 1

O(wij, yiz = 1) + d(wij,yi; =0) 1+ 6705(]2)

Now for an arbitrary feature f;; in the feature map , the

pixel-wise probability P(f;;) is obtained similarly as [4],
_ 1

P(yij|$ij) =

p(fij) 3)
The associated information loss for feature fl’; at the k"
block can be expressed via its binary entropy as,

I( zky) = —yi; In(p( ikj)) — (1 —ys;) In(1 — p( Z"E‘))- )

The accuracy of the prediction relies on the fitness of ev-
ery feature map in comparison with the ground-truth mask.
Hence, all the corresponding probability maps are responsible
for the loss function, including for all fused pixels and all
convolutional blocks. Accordingly, the total loss £ of an image
should represent the superposition of the pixel-wise losses for
each convolutional block for all feature maps and the losses
l(fij;use‘i) in the fused map Ffused = {f{;“sed} for all pixels,

i.e. . .
Lr=) > (Mf;}"“d) +3 U 5)) :

i=1 j=1 k=1

(&)

As discussed in [4], due to the necessity of nonlinear activation
in deep learning models, probability (3) on one hand may
become inaccurate as long as the relationship between f;; and
the pixel values x;; deviates from a linearly-dependence with
the accumulation of the depth. On the other hand, nonlinearity
also facilitates the complexity of representation that benefits
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Fig. 1: Architecture for the bidirectional self-rectifying network with Bayesian modeling (BSNBM).

the diversity of the abstraction. This requires an effective
technique to address this nonlinearity trade-off and to reduce
the dependence of unilateral outputs, which is the focus of this

paper.

C. Activation Layers and Statistical Dropout

To better determine the network output mathematically
while reducing its nonlinearity as well as increasing generality,
a recent activation function, the Swish [14], is used here
instead of the commonly-used rectified linear unit (ReLU)
[12]. Compared with ReL.U, the Swish function is continu-
ously differentiable as modified from the sigmoid activation
function:

(6)

Consequently, the backpropagation via the Swish is more
stable and effective in dealing with the issue of uncertainty
in deep neural networks.

To improve network robustness, uncertainty associated with
the whole pipeline needs to be adequately handled. For exam-
ple, the sparser kernels of dilated convolution in DCBs may
lower fidelity of the abstraction at the output, hence requiring
an effective activation function. Moreover, uncertainty in the
input-output relation y Wz can be modeled from the
Bayesian perspective by a posterior distribution p(Wz) with

swish(z) = x - sigmoid(x).

a random distribution ¢(7/). Such model can be approximated
by the expectation of the distribution ¢(1/), or Monte Carlo
dropout [15],

Y= II:-':q(W) (z), (7N

which could be practically obtained by performing a number
of stochastic forward passes through the network and then
averaging the results. In this paper, the Swish actuation
function along with the Bayesian model for uncertainty in
non-parametric layers are utilized to positively contribute to
enhanced network robustness with the proposed BSNBM.

D. Bidirectional Self-Rectifying Modules

In natural language processing, bidirectional recurrent net-
works [16] can effectively reduce the information loss due
to the linkage of the context between adjacent hidden states.
This technique is also applied to deep learning [17] for pattern
reconstruction. However, it is quite different to implement a
completed recurrent network for image processing due to the
limited range of spectral contexts [18]. Alternatively, the RNN
methodology can be integrated into DCNN by using limited
recurrent units [7]. Here by considering the feature Z-’j— as a
dynamic imaging state in lieu of an independent abstraction,
we propose an opposite pair of feature preserving branches at
the end of the DCBs to externally extend or shrink to adjust the
abstraction weight from the following DCB along the routine.
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To take into account the difference in scales, the concatena-
tion here is conducted with a resized operation. As illustrated
by the forward branch illustrated shown in Fig. 1, the width
of the larger tensor shrinks to a half size using an additional
downsampling process. Two half-size tensors are then merged
and fed to the next layers with superimposed channels. Due to
an increase in channel possession of the upper-layer features,
they weigh more than the lower-layer ones in the abstraction
of graphic information. This is opposite to the reverse branch,
as depicted also in the network structure figure. With the
proposed resizing to retain the number of network parameters,
the forward-wise feature ff;k can be formulated like the state
function of recurrent networks as [16],

fit = {

where DF; is the pixel output from the k" DCB, and conuv is
the convolutional operation. Similarly, the reverse-wise feature

ij k=1
ij + Eq(W)(conv(f-F-’kfl)), k=

?

ffj»’k can be computed by:
fEr = DF; + Egqw) (conv(f7H1)) k=1,2 9)
Y Di; k=3.

k at the scale k is

Finally, at the output, the merged feature f;’

obtained as,

k _ ¢Fk R,k —

o =i 1 (k=1,2,3). (10)
The designed structure is to improve the quality of feature
extraction by balancing the effect of redundant nonlinearity
and complexity of the representation in the network.

In this paper, by incorporating additionally a Bayesian

objective function L, the total loss of the proposed network
now becomes:

L=W;iLly+WyLy. (11
where W and W}, are respectively the weights of the frequen-
tist and Bayesian loss for normalization. The selection of W
and W}, is discussed in the section on our experiments while
the determination of L; is presented in the next section.

[1I. BAYESIAN MODELING

The architecture mentioned in the previous section presents
a non-quantitative methodology towards the alleviation of
uncertainty influence. Hence, the network performance can
be improved by modification but not optimization as long
as the uncertainty of the model is not quantified. Moreover,
in the trainable convolution layers, discrete parameters are
preserved after training, and hence every feature representation
even the outliers shares the same level of credibility as with
frequentist inference. This may finally lead to overconfidence
in the prediction. As a remedy, the trainable modules in this
paper are developed by using Bayesian inference [10] along
with Kullback-Leibler (KL) optimization.

A. Bayesian Inference

Let us consider the model W as a distribution of likelihood
rather than discrete values from the discussion above. In the
trainable layers of the Bayesian model, such distribution W
over evidence can be calculated by referring to the training set
D as per the Bayes’ theorem:

_ p(@|W)p(W)
[p(D|W)p(W)dw
For a new sample {z*,y*}, an unbiased estimation of the

probability can be given by using Monte Carlo sampling [19]
on the output of the network with M samples:

p(W D) (12)

M
* * 1 * * m
Epwop (" | 25 W) = = > p (v [, W) (3)

m=1

where (™) is randomly picked from the conditional distribu-
tion of W. Therefore, the posterior probability p (W | X,Y)
remains the key to unbiased estimation of a target probability.

In practice, the conditional probability p(W | D) can be
commonly estimated by using an approximate function, which
is a random distribution g(W), i.e. p(W | D) ~ g(W).

B. Optimization Target

Bayesian inference often involves the optimization of an
objective function to be properly formulated, for which a
solution may not be available. A possible alternative for this
is the Kullback-Leibler (KL) divergence, a measure in terms
of the distance between distributions. Specifically for the
approximation ¢(W) of p(W|D), the K-L divergence can be
obtained as,

KL(g(W)|p(W | D)) = / (1) log - a(W)

— LW > 0.
WD) —

(14)
To achieve the closest estimation of p(W | D), the KL

divergence should approach the minimum during the training.
It can be noted that the prior distribution of D can be
expressed in terms of KL divergence as [20],

logp(D) = /Q(W) log p(D)dW = /Q(W) log mdw
q(W) p

|

(D,W)
/q(W) log de + /q(W) log qidW
= KL(gW)lp(W | D)) + L(g(W)) = L(g(W)

p(D, W)

W)
),
(15)
where L£(q(W)) is the evidence lower bound (ELBO):
p(D,W)
a(W)log P
/ q(W)
For the closest estimation of KL divergence, our optimization
target is then equivalent to maximizing the ELBO since
log p(D) is a constant for a given dataset D. Now from the

expression of the ELBO (16), £(q(W)) can be decomposed
into two terms as,

L(g(W))

aw.

L(g(W)) (16)

/ 4(W)log p(D | W)aW

p(W)
* /Q(W) fog q(W)

a7

aw.
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Alternatively, by using the K-L divergence, we obtain
L(qg(W)) = Eqw) logp(D | W) — KL(g(W)]||p(W)). (18)

In practice, ¢(W) is often designed to follow a Gaussian
distribution () of mean g and standard deviation o, i.e. ) ~
N (p, o). The ELBO under this distribution is therefore,

L(q9(W)) = Eqgy(w)logp(D | W) = KL (qo(W)]lp(W)) -
19)
To utilize the gradient descent method in deep neural
networks, the objective function of Bayesian inference here
is to minimize the opposite of the ELBO L (¢p(W)). Such
Bayesian objective function per sampling is expressed as [21],

Ly =—L(qe(W))
= KL (gp(W)|[p(W)) — Egyw) logp(D | W)

M
~ (m) [ DY _ (m)
mz::l log qp (W | D) logp (W )

—logp (D | W(m)),

(20)

where g (W ™) and p(W (™) are sampled respectively from
the estimated Gaussian distribution and the prior distribution of
W. This component can be preset or estimated before training.
The other component, p (D | W(™), is the probabilistic value
obtained at the end of the frequentist network.

Note that the weighting matrix W can also be reparame-
terized by an arbitrary distribution of an independent hyper
parameter e,

whereby the new weights in the same architecture can be
recast as

W=p+o0e,

e ~N(0,I). @21)

Here, € is commonly modeled as a Gaussian process and © is
the component-wise multiplication. Now, the expected partial
derivative of ELBO can be calculated as [21],

OE(L( (V)] _

OL(ay(W)) OW , 9L(a(1V))
ol ow 00 a0

(22)
Accordingly, gradients of the mean and standard deviation can
be obtained respectively as,

OL(W,0) | OL(W,0
V.= éW’ ) gu’ ), (23)
_0L(W.0)  OLW.0)
Vo= —mi et —5 (24)

Those obtained parameters can be uploaded using the same
routine of the backpropagation as in DCNN [22].

The pseudo-code for the proposed Bayesian inference using
the gradient descent method with a learning rate o > 0 is
described in Algorithm 1. In accordance, the mean and the
deviation of the distribution W are updated during the training
process. Figure 2 illustrates the Bayesian inference in trainable
convolutional kernels for the total loss function of the proposed
network. Therein, W™ is the weight collected via the mth
sampling.

Algorithm 1 Bayesian estimation

1: initialize the mean of W randomly

2: repeat

3:  Sample € ~ N(0,1)

4: Calculate W = p+o0©e

5: Calculate £

6: Calculate the gradient of the mean V,, = %VV[Z’@) +
aL(W,0)

ou
Calculate the gradient of the standard deviation V, =
DLW0) | OL(WD)
oW oo
8: p—p—aVy
9: o+ o0—aVy
10: until £ converges

~

V. EXPERIMENTS AND EVALUATION

Here, parameters for training are obtained at first by using
He Normal initialization [23]. The training is conducted at
a learning rate of le-5 with 10-fold cross validation and
optimized by Adaptive Moment Estimation (Adam) [24]. For
the performance of the models used in the comparison, the
maximum training epoch is set as 30. To alleviate occasional
overfitting, an early stop is applied when the model achieves
a convergence under a threshold of 0.05. In our experiments,
we ran the training set for a few iterations to record the
approximate ratio z of the frequentist loss and Bayesian loss.
Then, the corresponding weights Wy and W} as per the total
loss (11) are set respectively to 1 and 1/z.

A. Datasets

In data preparation, some open-source datasets from other
state-of-the-art papers and aerial photography using UAVs
are utilized for the experiments. The developed UAV system
[25] forms the Skynet for inspection and imaging, under the
consistent communication to the ground base. Those UAVs
cruise around the surface of an infrastructure asset and take
photos using a GoPro Hero 6 camera mounted on the drone.

The dataset used for training and validation is the CFD [26].

e CFD [26]: The dataset with 118 images of road cracks
with labeled masks is used for training and validation.
To increase the number of samples, images are rotated
with a range from 0 to 90 degrees, flipped vertically and
horizontally, and randomly cropped to a size of 256 x 256.
All the augmented data is then split into the training and
the validation set with a ratio of 9:1.

To verify the detection quality of the compared models, we
form the testing set from four datasets unrelated to the training
set:

e Crack500 [27]: containing 500 images of pavement
cracks with the benchmarks annotated by civil engineers.
The images are resized into 256 x 256 to suit the limited
computation power.

e SYDCrack [4]: An image dataset that was collected by our
UAV system for detection of surface cracks, containing
850 image pitches with a size of 224 x 224.
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Fig. 2: Bayesian inference embedded in BSNBM training.

e DCD [28]: containing 521 images of infrastructure cracks
with texture and misleading marks.

e GAPs [29]: containing 509 images of pavement cracks
under poor light conditions. DCD and GAPs are both
integrated into an unified size of 448 x 448 by [30].

To verify effectiveness of the proposed bidirectional self-
rectifying network with Bayesian modeling (BSNBM), a com-
parison upon various databases of civil structure cracks is
conducted between the existing crack detection approaches
using frequentist deep learning and our BSNBM approach.

The frameworks for crack detection used in the comparison
are described in the following:

e DeepCrack [2]: An end-to-end network for crack ex-
traction using the backbone of SegNet with symmetrical
concatenation.

e FPHBN [27]: It is a hierarchical framework for crack
detection and constructed on the main framework of the
holistically nested edge detection (HED) [31], enhanced
using a dense connection.

o CrackNetV [32]: A sequential network for crack detection
with a specific activation function for crack detection. No
downsampling process is involved inside this architecture.

e« FCN [33]: A simplified encoder-decoder shaped in an
hourglass structure for crack detection. It is backboned
by SegNet with only 3 blocks on each side.

e U-Net [34]: A modified auto-encoder with a U-shape
merging pipeline. In U-Net, the outputs of each encoder
are concatenated with corresponding outputs of the de-
coder. The concatenated tensor is then further processed
by the next decoder block.

e PGA-Net [35]: A network built on a pre-trained encoder
with a similar pyramid feature fusion as FPHBN.

e HDCB-Net [36]: A modified U-Net with serial dilation.

e HCNNFP [4]: A modified hierarchical network built
upon the backbone of DeepCrack with feature preserving
modules.

e HACNet [37]: An unidirectional hierarchical network
built on modified dense blocks from [38].

e ACS [39]: A U-Net crack detector trained by an adaptive
cost-sensitive loss function.

For an ablation study of the proposed Bayesian model, our
BSN without Bayesian modeling is included in the compari-
son.

B. Evaluation Metrics

In this paper, the following criteria are used for evaluation.

F-measure (F3): The probability map is evenly binarized
by a threshold 0.5, where pixels with a probability greater
(smaller) than 0.5 are categorized as imperfect or intact
regions. For a single image, F-measure Fg [40], a generalized
intersection to union metric [41], is used. The Fjg is calculated
as

pXxr
B2xp+r
where p and r are respectively the precision and recall,
based on the correctly-reported and falsely-reported positive or
negative results; and 32 denotes the weight between precision
p and recall r. Here, 52 are set as 0.3 or 1 as recommended
in [27] and [42] respectively. The score treats p and r equally
when 32 = 1, but favors to the prediction with more false-
positive cases when 3% = 0.3. A larger F-measure F indicates
higher performance of the classification.

Average F-measure (AFg): For robustness in evaluation
with the F-measure, we also use the average F-measure AFpg,
defined over a given range of 52 as [4]:

1 /5%
85— B Jg2

where 32 and (33 respectively indicate the lower and upper
limit for the range of 32. Generally, 32 is nonzero while
it should be smaller than 1 if we emphasize the precision.
Accordingly, we choose 32 € (0, 1) as the range of the integra-
tion. Similarly to Fj3, the higher AFp the better performance.
Jaccard Index (J1): JI [40] is a criterion to judge the fitness
between the predicted result and the ground truth.
Mathematically, the Jaccard index is equal to the ratio be-
tween the number of true-positive samples and the sum of true-
positive, false-positive and false-negative samples. Compared

Fg=(1+5% (25)

AFg = Fsdf?, (26)
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(a)

(b)
Original GT DeepCrack FPHBN  CracknetV  U-Net FCN PGA-Net HDCB-Net HCNNFP HACNet ACS
Fig. 3: Detection results on Crack500 against granular surfaces.
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Fig. 4: Detection results on SYDCrack against regular texture.

(C))
Original GT DeepCrack FPHBN  CracknetV — U-Net FCN PGA-Net HDCB-Net HCNNFP HACNet ACS BSNBM

Fig. 5: Detection results on DCD against confusing marks and irregular texture.

Original GT DeepCrack FPHBN  CracknetV — U-Net FCN PGA-Net HDCB-Net HCNNFP HACNet ACS

Fig. 6: Detection results on GAPs against poor light conditions

with Fj, the metric JI values more on balanced results with  percentage error (MAPE) is defined as,
similar numbers of false-positive and false-negative predic-
tions.

MAPE = [si5 — Yijls 27
MAPE: For a binary map S = {s;;}, the mean absolute ,Z_;; ’ ’
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where NNy, is the number of crack pixels in the ground truth
(true-positive).

Compared with the mean absolute error, MAPE can differ-
entiate the tested approaches better since the number of crack
features from robotic photography is usually much smaller
than the number of the background.

A smaller MAPE indicates a better match to the ground
truth. Complementarily to the weighted F-measure, this metric
rewards prediction with a high recall rate due to its preference
for false-positive samples.

V. RESULTS AND DISCUSSION

This section presents visual and quantitative comparisons of
the tested approaches as well as critical discussion upon the
experimental results.

A. Visual Comparison

The sample results of Crack500 are presented in Fig. 3 for
the compared approaches. It can be seen that without recursive
connections like self-rectifying modules, it is more difficult
to distinguish the crack-like patterns from real cracks using
CrackNet-V. Consequentially, the noise in those sequential
models has a severer effect than in other architectures. Rel-
atively, hierarchical models like Deepcrack, FPHBN, U-net
and the proposed BSNBM are more stable in dealing with
those confusing scenes as most of the Frequentist models seem
not affected by non-crack objects such as paints and shadows.
The multi-level comparison between the feature maps and the
ground truth contributes positively in terms of the accuracy
of the prediction. Apart from that, the BSNBM presents a
rather completed contour of the crack with clear dark dots.
As shown in the second image, the unbroken line on the
pavement strongly affects some models. The rationale for
Bayesian inference is that our BSNBM can accurately remove
the paint mark with good preservation of the crack silhouette.

Similarly, detection results of SYDcrack can also be ob-
served consistently with Crack500. As exemplified in the
first image, darker intensity pixels from dents or the texture
displayed on images captured by robotic vehicles are quite
challenging for compared models. It is not surprising that
the level of noise in CrackNet-V and FCN still dominates
other pipelines. As can be seen, the performance of hierar-
chical models is better in terms of resistance to the same
noise. However, the effect of such interference is significantly
mitigated in the proposed BSNBM. Even in clear scenes, the
Bayesian model depicts a thinner contour of the crack with
fewer adjacent false-positive samples classified as crack. Such
difference in performance can be made in credit of Bayesian
inference incorporated in Algorithm 1. Since Bayesian models
are known for reliability, e.g. with respect to unfamiliar scenes
in this case, it is less likely to recognize those confusing pixels
as cracks unless more extensive samples are supporting this
decision. As such, Bayesian models can achieve a higher recall
rate compared with frequentist models.

B. Quantitative Comparison

The F-measure obtained from the mentioned approaches
upon four datasets are listed in Table 1. With different values
of [, our bidirectional self-rectifying network with Bayesian
modeling (BSNBM) outperforms other approaches in all the
datasets in terms of Fj and AFj. The proposed BSNBM
performs as the best followed by another current frequentist
model, the HDCB-Net. Compared with HDCB-Net, Bayesian
inference displays some improvement on Fj|g2_; especially
in GAPs by 4.66%. The F|z2—( 5 on GAPs are an exception
but it is just slightly lower than HDCB-Net with a gap
of 0.15%. It is worth noting that Fj|g2—; values more on
precision compared with Fj|g2_¢ 5 so the results of it prove
the capacity of our model in terms of reducing false-positive
predictions. This indicates the effectiveness of the proposed
model over existing approaches in distinguishing crack-like
objects.

The performance criteria JI and M APE of the samples
used for testing from four datasets are depicted respectively
in Fig. 3 to Fig. 6. Obviously, the proposed BSNBM achieves
the highest JI and lowest M APFE with regards to almost all
those samples.

Furthermore, as tabulated in Table II, the results of JI and
MAPE for all eleven approaches in consideration suggest
that our Bayesian model also achieves the best performance
in terms of the overall statistics. In terms of Fjg, the recall rate
contributes more positively to JI and M APE. Accordingly,
the quantitative results of JI and M APFE indicate the im-
provement of the Bayesian model in minimizing false-negative
samples. In other words, the Bayesian model is more capable
of picking crack candidates out of a confusing background
such as adjacent areas around the crack contour. Combining
those criteria with Fj3 and AFj, the quantitative results con-
firm the effectiveness of the proposed BSNBM. It can also be
noted that the merit from the Bayesian model is more obvious
in challenging datasets like GAPs. Such adaptive improvement
contributes to the smallest performance gap of the Bayesian
model between different datasets among other pipelines in the
comparison, which points to a prominent advantage of the
Bayesian one, i.e., robustness. Additionally, the floating point
operations (FLOPs) and the average processing time (APT) of
the above models spent on a 256 x 256 test sample are listed
in Table III for the comparison of memory consumption and
processing time, respectively. Among the top three approaches,
our FLOPs consumption is only about 60% of HDCB-Net
and 50% of HCNNFP and just behind the recently-developed
HACNet. However, the proposed BSNBM is better than the
HACNet in terms of APT. These indicate the computational
efficiency of our proposed approach.

C. Failure cases

Extensive experiments may lead to some failure cases.
As shown in Fig. 7, our proposed model is misled by the
shadowy boundary lines wherein the dark pixels are incorrectly
annotated as cracks. Unlike the successful cases presented in
Fig. 5, the low contrast in intensity or color between marginal
pixels here could have an impact on the prediction. Since
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Methods Crack500 SYDCrack DCD GAPs
s2=0.3 1] p2=11 | AFpT | pe—os ] p2=1 T [ AFp T | ge—o3 T p2=1 T [ AFT | g2—03 T p2=1 T [ AFp T
DeepCrack [2] 80.83% 82.19% 81.22% 85.14% 85.39% 85.22% 86.56% 85.68% 86.32%  76.57%  72.19% 75.38%
FPHBN [27] 82.07% 81.85% 82.02% 85.17% 86.01% 85.42% 86.53% 85.15% 86.15% 78.16% 72.52% 76.62%
CrackNetV [32] 74.84% 68.75% 73.20% 81.31% 84.24% 82.15% 79.22% 82.37% 80.13% 58.51% 58.36% 58.48%
U-Net [34] 75.42% 78.84% 76.29% 77.78% 82.30% 79.07% 78.97% 83.49% 80.26% 68.31% 71.65% 69.27%
FCN [33] 80.42% 81.60% 80.76% 82.74% 85.68% 83.58% 80.49% 84.70% 81.70% 76.19%  78.48% 76.85%
PGA-Net [35] 82.31% 80.96% 81.94% 85.06% 86.11% 85.37% 86.10% 87.77% 86.58% 76.01% 70.81% 74.60%
HDCB-Net [36] 82.97% 80.69% 82.34% 85.80% 85.62% 85.77% 87.68% 87.91% 87.75%  81.98%  75.34% 80.17%
HCNNFP [4] 81.82% 82.05% 81.88% 85.51% 85.70% 85.58% 86.88% 85.94% 86.62%  79.33%  74.75% 78.07%
HACNet [37] 82.01% 81.51% 81.88% 85.56% 85.27% 85.50% 85.55% 88.23% 86.32% 80.97%  77.35% 79.98%
ACS [39] 77.27% 71.16% 75.61% 84.77% 78.64% 83.11% 86.62% 80.78% 85.02% 59.43% 55.69% 58.44%
BSNBM 83.07% 82.72% 82.98% 85.92% 86.52% 86.10% 87.711% 88.79% 88.02% 81.83% 79.70%  81.25%
TABLE |: Comparison of AFg obtained from all nine detection networks.
Methods Crack500 SYDCrack DCD GAPs
JIT [ MAPE] | JIT [ MAPE{ | JIT [ MAPE] | JIT [ MAPE]
DeepCrack [2] 49.75% 89.46% 53.26% 69.94% 56.87% 76.49% 25.06% 96.17%
FPHBN [27] 49.05% 77.82% 55.23% 68.63% 55.26% 76.04% 24.43% 87.23%
CrackNetV [32] 27.04% 98.91% 50.56% 97.76% 48.95% 207.12% 8.84% 379.49%
U-Net [34] 40.20% 137.83% 44.66% 129.26% 47.98% 160.89% 25.76% 186.14%
FCN [33] 48.31% 92.51% 54.16% 85.00% 51.49% 149.50% 38.88% 118.41%
PGA-Net [35] 46.89% 73.03% 55.23% 70.25% 61.74% 78.02% 21.98% 91.80%
HDCB-Net [36] 47.60% 79.95% 53.96% 66.31% 61.61% 72.07% 28.55% 78.14%
HCNNFP [4] 49.51% 80.81% 54.30% 67.25% 57.08% 75.20% 29.68% 85.03%
HACNet [37] 50.72% 73.78% 52.89% 68.63% 62.08% 97.60% 35.37% 78.61%
ACS [39] 23.03% 88.57% 35.57% 71.42% 41.83% 65.77% 22.00% 120.28%
BSNBM 51.20% 71.95% 56.31% 65.57 % 64.15% 67.99 % 41.29% 75.73%
TABLE Il: Comparison of JI and M APE among nine crack detection networks.
Methods DeepCrack FPHBN  CrackNetV — U-Net FCN PGA-Net HDCB-Net HCNNFP HACNet ACS BSNBM
FLOPs(G) 42.54 22.28 14.49 42.83 24.41 53.68 37.36 43.51 21.70 42.83 21.98
APT(ms) 29.67 20.28 8.81 35.14 20.84 103.26 36.38 30.09 25.14 35.14 21.95

TABLE Ill: Comparison of FLOPs and APT among nine DCNN approaches.

the intensity and curvature of those marginal pixel groups
are quite similar to the majority of truth-positive samples
obtained from the training set, the expectation of weights
collected in Bayesian inference may remain close to the
original frequentist values and become incapable of bringing
any significant improvement.

(d)

(©)

BSNBM

Original GT
Fig. 7: Failure cases

A comparison is further conducted between the prediction

results on the original image shown in Fig. 7 (¢) and its prepro-
cessed image with adjusted hue or brightness. As demonstrated
in Fig. 8, the missing patterns are retrieved after the hue of
the image is switched along a specific direction while overall
intensity is unchanged. This means that the color contrast can
directly affect the prediction result. Since the training data is
not even-colored or grayscaled, it is inevitable that the model
finally forms its preference on a specific color channel.

Images

Resultsm n ﬂ ﬂ I‘

+45°

—90° —45° +90°

Fig. 8: Detection results on different hue degrees (0°:
Original hue)

The detection results of the proposed model on different
brightness levels are presented in Fig 9. Therein, the prediction
accuracy is increasing with the rise of brightness, which
indicates the potential improvement with light adjustment. One
possible reason is that the training set CFD [26] is collected
under a good light condition. As such, the trained model
appears to be more sensitive to a higher average intensity.
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Fig. 9: Detection results on different brightness levels (+0%:
Original brightness)

D. Ablation Study

A comprehensive ablation study of frequentist network ele-
ments (bidirectional self-rectifying modules, number of dilated
convolutional blocks, and loss functions) as well as inference
types (with or without Bayesian model) is conducted on the
GAPs dataset in various cases for all the compared approaches.

1) Ablation on Bidirectional Self-Rectifying Modules: For
bidirectional self-rectifying modules, cases are compared upon
several k scales of abstractions, namely unilaterally (U) and
bidirectionally (B), or without applying self-rectifying mod-
ules (Nan). As shown in Table IV, with the help of these
modules, the AFg and JI are improved by 2.78% and 8.68%
respectively while M APE drops by 7.96%, indicating the
contribution of the proposed bidirectional rectification. Here,
thanks to more contextual information being processed by the
bidirectional branches, the abstractions containing inconsistent
crack patterns like dots are more likely to possess a lower
ratio/weight in overall representation. Therefore, such a pattern
can trigger a smaller response in the gradient update, which
is beneficial to address overfitted outliers.

SRM | Flg2_o5 1] Flge_1 1| AFgt | JIT | MAPE]
Nan 79.33% T4T5%  7112%  29.68%  85.03%
U 78.64% 7747%  71.94%  35.19%  78.55%
B 80.22%  78.32%  7970%  38.36%  71.07%

TABLE IV: Ablative comparison on self-rectifying modules

2) Ablation on Number of DCBs: To investigate the influence
of the DCB quantity, our standard 3-DCB BSN is compared
with other numbers of dilated convolutional blocks. As shown
in Table V, the current setup with 3 DCBs outperforms other
configurations. With one DCB removed, the AFg and JI
decrease by 4.47% and 5.61% respectively while M APE
increases by 8.04%. This is because the total number of kernels
drops dramatically with a smaller number of DCBs. In con-
trast, the 4-DCB network just improves JI slightly by 1.42%,
while the AFj3 declines by 2.03% and M APE increases
by 16.3% unexpectedly, indicating ineffectiveness, perhaps
from a more complex gradient space for parameter optimiza-
tion. Despite enhancing the capacity in feature preservation,
such complexity negatively influences the convergence to the
benchmark and tends to degrade the network performance.
One possible reason could be that the increasing hierarchy

of abstraction on one hand enhances the comprehensiveness
of benchmarking but on the other hand poses some difficulty
in the gradient descent due to the accumulating complexity
of abstracted tensors. When the number of DCBs is growing,
the deviation from the optimization process may be dominant,
superseding the benefit of the enhanced branches, and thus,
leading to a drop in quantitative performance.

DCBs | Flyz_os 1] Flgzs 1| AFpT | JIT | MAPE]
2 T443%  13.68%  7423% = 3048%  133.88%
3 80.22%  78.32%  79.70%  3836%  77.07%
4 7755%  71.65%  711.61%  39.77%  9337%

TABLE V: Ablative comparison on DCBs

3) Ablation on Frequentist Loss Functions: In regard to loss
functions, we compare the binary cross entropy (BCE) with
alternative criteria such as mean absolute error (MAE) and
mean square error (MSE) [43]. As shown in Table VI, the
BCE loss shows its merit over other loss functions. Using the
BCE, the AFj increases by 2.46% and 3.30% respectively
with respect to MAE- or MSE-based learning scenario, while
JI and M APFE grow even more significantly. This indicates
that BCE is the best choice for the frequentist loss function
as per the criteria used. Its rationale could be that the gradient
vanishes for the BCE loss with the softmax function, a general
case of sigmoid functions, and thus leading to a slowdown or
stagnation in the gradient update [44].

Loss | Flp2_gs 1] Flgo—y 1| AFs T JIT [ MAPE]
MAE 7836%  74.25%  77.24%  28.90%  98.92%
MSE 76.83%  7521%  76.40%  32.22%  128.38%
BCE 80.22%  78.32%  79.70%  38.36%  77.07%

TABLE VI: Ablative comparison on loss functions

4) Ablation on Types of Inference: For ablation between
frequentist and Bayesian inference, the proposed BSNBM
is compared with its frequentist network without Bayesian
modeling (BSN). As shown in Table VII, thanks to Bayesian
modeling, the AF3 and JI increase by 1.55% and 3.13%
respectively while M APE is reduced by 1.34%. This clearly
indicates the merit of Bayesian modeling for crack detec-
tion applications. This can be explained by the capability
of Bayesian models in dealing naturally with uncertainty
estimation via the probabilistic description.

Methods | Flz2_o3 1] Flagz—y 1] AFp T JIT | MAPE]
BSN 80.22% 7832%  79.10%  3836%  71.07%
BRNBM | 81.83%  79.70%  8125%  41.29%  75.73%

TABLE VII: Ablative comparison on inference types

VI. CONCLUSION

This paper has presented a novel deep learning approach
for crack detection. The proposed hierarchical neural network
is enhanced by residual modules, which improves the net-
work’s capability of feature preservation. To further achieve
higher accuracy and robustness, the network is integrated
with Bayesian inference. The Bayesian model is developed
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incorporating extensive evidence for the true-positive rate of
crack detection under unfamiliar scenes. Hence, the model
can better identify a true crack with a comprehensive decision
in the alleviation of overfitting, which is commonly encoun-
tered in frequentist networks. Consequently, the proposed
approach can successfully perform robotic crack detection
in civil infrastructure applications as demonstrated by using
four heterologous datasets with different levels of textures and
light conditions. Results from various tests and a thorough
comparison with current frequentist deep learning pipelines
for crack detection have been included to indicate the merits
of the proposed framework. Its extension of the performance
comparison for other probabilistic distributions besides the
Gaussian one will be our future work.
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