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Abstract: Class-imbalanced data is an inevitable issue that hinders convolutional neural network (CNN)
— based crack segmentation performance. Weighted loss functions have been widely investigated to
mitigate this problem. However, it is challenging to identify the most robust approaches due to the
varying robustness according to imbalance degrees and loss functions. To fill this gap, three weighting
strategies (class frequency, distance map, and Focal) are incorporated into binary cross-entropy and
Tversky loss functions. The performance of the DeeplLabv3+ baseline model on three benchmark
datasets is used to evaluate the robustness of these weighted losses across varying levels of imbalance
severity. Our findings indicate that the impacts of mildly imbalanced data on crack segmentation
performance are trivial. Severely imbalanced data, in contrast, significantly diminish the robustness of
the compared losses. Additionally, our proposed Focal weighting strategy on Tversky loss exhibits
excellent performance compared to other methods by demonstrating a significant performance
improvement, fast convergence, and high stability to threshold changes across all degrees of imbalance.

Keywords: imbalanced data, convolutional neural network, crack segmentation, loss functions,
weighting techniques.

1. Introduction

Cracks provide preliminary signs of structural deterioration in various structures (e.g., bridges, buildings,
tunnels). Traditional inspection methods, such as on-site visual inspection or non-destructive damage
testing (NDT), are laborious, time-consuming and cost-ineffective. Recently, advanced image-sensing
techniques and the rapid growth of deep learning algorithms, especially multilayer convolutional neural
networks (CNNs), first proposed by LeCun et al.(1), have prowded more robust vision- based techniques
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architecture of CNN performs convolutional operations to capture important features (what we want to
highlight) and their spatial information (where the features are in the images) hierarchically. Thanks to
the capability of fast and automatic feature extraction with remarkable accuracy, CNN-based crack
segmentation has become mainstream in research and applications over the past several years.
However, class imbalanced data issue is the major hindrance to its practical applications.

The class imbalanced dataFhis-inevitable problem arises because non-crack pixels (i.e., easy samples)
greatly outnumber crack pixels (i.e., hard samples) in crack images. Hence, CNN-based models trained
on imbalanced data tend to biasedly classify samples into the majority classes, consequently causing
low segmentation performance. To handle this issue, algorithms-level techniques, particuarly improving
loss functions, which govern the optimization step in the training processes, is commonly used (2).
Since the method has high flexibility and few impacts on training time and data distribution as well (3),
different loss functions with various weighting strategies have been introduced to enhance crack
segmentation performance under the context of imbalanced data.

Zhang et al. (4) handled this problem by leveraging weighted binary cross-entropy (WBCE) loss function,
which assigns weights on crack samples based on the class frequency of all pixels in the training images.
Lin et al. (5) proposed Focal loss, a variant of BCE, to down-weight the loss contribution of the majority
classes and concentrate more on the minority classes, which govern the model performance. Aside from
class frequency, distance transform maps can be used to balance the input distribution. Cheng et al. (6)
utilized Chamfer distance maps derived from ground truths. A local weighting technique using sensitivity
maps was proposed by Ali et al. (7) to assign higher weights to both crack boundary pixels and those
inside. Region-based loss functions are other options to deal with imbalanced data. Dice loss is broadly
used in previous studies (8-10). Kang and Cha (11) used Focal Tvesky loss (12) to improve crack
segmentation on images with complex real-world scenes.

It can be seen from the related works that various loss functions have been proposed using different
weighting strategies to handle the imbalanced data problem. However, the robustness of these
weighting techniques varies according to datasets and loss functions. Although some prior studies
examined these weighting techniques, they are often limited to self-collected datasets or compared with



a limited number of alternative loss functions, which poses challenges in specifying the best approaches
for various scenarios. Therefore, this study aims to comprehensively investigate the effects of weighting
strategies on balancing the loss contribution of crack and non-crack classes across a range of imbalance
severities and loss functions, addressing a significant gap in the literature review. Specifically, three
weighting strategies based on class frequency, distance transform maps and predicted likelihood are
incorporated into two typical loss functions. The performances of the weighted losses are investigated
on three open benchmark datasets with different degrees of imbalance.

2. Methodology
2.1 Loss weighting strategies
2.1.1 Inverse frequency weighting (IFW)

The IFW method puts higher weight on the minority classes and suppresses the loss contributed
by the majority classes. This method aims to balance the sample distribution of input data. The
weight of a class ¢ is computed based on sample frequency polarity as defined in Eq. (1):
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where N is the total number of pixels of ground truths g.
2.1.2 Distance transform map-based weighting

A distance transform map (DTM) is generated based on the Euclidean distance, in which the
closer to the boundary a pixel is, the lower intensity the pixel has (see Figure 1(b)). The distance
penalty term (DPT) is the inverse of DTM (see Figure 1(c)). Pixels near the boundary have higher
intensities than those further from the boundary. Since crack boundary pixels are hard-to-segment
ones, DPT is used to assign higher weights to these pixels. The DPT map-based weighting is
defined as follows:

0 if x € G,
DTM. = {inf [lx-vll,  others )
DPT. = inverse(DTM,) (3)
wPT =1+ DPT, (4)

where DTM: and DPT. denote the distance transform map and distance penalty term of class ¢,
respectively. dG refers to the boundary pixels of groud truth masks. |Ix-ll2 is the Euclidean
distance between pixels x and y in the groud truth masks.
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Figure 1. Distance transform map and distance penalty term.
2.1.3 Focal weighting

To suppress the loss contributed by well-classified pixels and focus more on hard-to-classified
ones, Lin et al. (5) proposed the Focal weighting method, where pixels of a class ¢ with smaller
predicted likelihood P. are assigned larger weights. This method is to balance the performance
indicator (pc). The Focal weight is written as follows:

N
whocal =3(1 - pio)” (5)
where ¥ denotes the focusing parameters.

2.2 Loss function

A loss function is crucial to the optimization process when training a deep learning network. Trainable
weights of the network are updated by back-propagating the gradient of error between predictions and



labels computed by the loss function. In class imbalance circumstances, samples of the dominant
classes share much higher gradients than those of the minority classes, which leads the model to
become biased toward the majority classes and perform poorly on the minority ones. As a result, the
training process converges slowly or gets stuck at a minimal point.

As summarized in Ref. (13), loss functions can be grouped into 4 main categories: distribution-based,
region-based, boundary-based and compound loss functions. In crack segmentation, distribution-based
and region-based loss functions are favorable. Results from Ref. (13) indicate that most distribution-
based loss functions are based on cross-entropy loss. Meanwhile, frequently used region-based loss
functions like dice loss, intersection over union (loU) loss can be expressed by Tvesky loss. Therefore,
in this study, binary cross-entropy (BCE) loss (Eq. (6)) and Tvesky loss (Eq. (7)) will be utilized to
implement different weighting strategies.

BCE(yy) = -X,,,,(log() + (1 -»log (1 -)) (6)
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TVL(GP) = 1= Tl = = T  + gy -7) + ¢ ~ L TP + aFP + GFN + € (7)

where ¥ and Y stand for ground truth values. yandY are predicted values. TP, FP, FN are true posivetive,
false posivetive, and false negative predictions, respectively. € is added to avoid undefied value.

By incorporating the aforementioned weighting approaches, three weighted BCE-based are formed as
defined in Eq. (8), Eq. (9) and Eq. (10)

BCEIFW(y,y) = -, . (W™ ylog(y) + w™§™(1 - y)log (1 - y)) (8)

BCEDPT(yy) = =X, (WPl ylog() + (1 - y)log (1 - y)) 9)
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FL(p) = - Zpixelsaf(l - p)'log (p);  pe= {1 _y otherwise (10)

It is noticed that w™¢™¢ and w™§™¢ are the inverse frequecy values of crack and background classes.

a: and ¥ are taken as 0.25 and 2 based on the recommendation by the authors in Ref. (5)

Notably, tuning the hyperparameters @ and B in Eq. (7) is time-consuming. Moreover, the optimal values
that give the best results for a dataset might be inaccurate to others with significant changes in
imbalance degrees. Therefore, we proposed integrating the three weighting methods into TVL, which
automatically assigns penalties to FN and FP based on the input distribution or output performance
indicators. The magnitudes of @ and B according to the three weighting strategies are proposed as
follows:
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where 1, and n¢ are the number of background and crack pixels, respectively. The predicted likelihood
of background pixels and crack pixels are denoted as Pi» and Pic, correspondingly. The focusing
parameter Y is taken as 1. TVL-based weighted loss functions with respect to the three weighting
menthods are named as TVL_IFW, TVL_DPT, and TVL_Focal. Dice loss, a special case of TVL (
a= f=1/2),is also examined.

2.3 Data sets

Three benchmark datasets with varying degrees of imbalance severity are used to investigate how loss
weighting strategies can handle the imbalance issue. First, the DeepCrack dataset introduced by Liu et
al. (14) contains 537 RGB images and their respective ground truth masks. Second, a concrete crack
dataset with 2401 pairs of image-annotation is combined from the Rissbilder and Volker datasets that
were gathered by Bianchi and Hebdon (15). Since the images contain tiny crack patterns, the dataset is
named the TinyCrack dataset. Third, the labeled cracks in the wild (LCW) dataset (15, 16) is a set of
3,817 images taken when conducting bridge inspection. The images pose significant challenges due to
complex real-world background conditions. This study uses 959 crack images and their annotations. To
reduce computation costs, all images are rescaled to the size of 512 x 512. Each dataset is randomly
divided into three subsets, including training, validating, and testing, with the ratio of 80%, 10% and



10%, respectively. Figure 2 demonstrates typical images and respective ground truth masks of the three
benchmark datasets and their corresponding degrees of imbalance severity (Non-crack : Crack).

2.4 Baseline model and traing configurations

This study leverages DeepLabv3+ (17), one of the best encoder-decoder-based architectures for
segmentation (see Figure 3), as the baseline model to evaluate the efficiency of compared weighted
loss functions. This innovative network possesses several state-of-the-art (SOTA) features, including
the atrous spatial pyramid pooling (ASPP) module in the encoder, which effectively captures multi-scale
contextual information. Additionally, the depthwise separable convolution employed in both the ASPP
module and the decoder enhances the model's speed and robustness. Furthermore, the encoder can
be easily substituted with different SOTA models to boost feature extraction. In this work, the SE-
ResNeXt-50 (32x4d) architecture is utilized thanks to its remarkable performance in the research of
Bianco et al. (18).

The training of all models is conducted on the high-performance computing (HPC) system, provided by
the University of Melbourne, using a training configuration consisting of a 4-core Intel(R) Xeon(R) Gold
6326 CPU @ 2.90GHz, 32GB RAM, and one NVIDIA A100 80GB PCle GPU. The training and validation
processes utilize mini-batch sizes of 8 images and are run for a total of 100 epochs. The model with the
best performance is selected for further analysis by monitoring the ODS metric.
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Figure 2. Some image-annotation pairs of the three datasets and their imbalance severity.
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Figure 3. DeepLabv3+ architecture (17).



2.5 Evaluation metrics

The performances of models with respect to compared weighted loss functions are evaluated by using
the following metrics. By means of comparing the predicted masks generated at a specific binarization
threshold and the respective annotated masks of each image, precision (PR) and recall (RE) are
computed. F1-score is then calculated from PR and RE values as a harmonic mean, where the
importance of PR and RE are balanced. Specifically, two more variants of F1-score, including optimal
image scale (OIS) and optimal dataset scale (ODS) (19-21) are examined. While OIS is the aggregated
F1-score derived from the best F1-score on each image, ODS refers to the best F1-score that is
computed across the whole dataset at a fixed binarization threshold.

TP TP PR.RE

PR= 7557w RE= 1p3mw F1= 2572 (14)
1 Nim .
015 = ¥ ™max{F1{: vt € {0.01,..,0.993} (15)
0DS = L yNimapq ). 0.01,..,0.99
= max Nomg2ei -Vt € {0.01,...,0.99} (16)

where Ning refers to the number of images of the dataset. t denotes a binarization threshold.
3. Result on open benchmark datasets

The robustness of compared weighted loss functions is evaluated based on the quantitative results at
image scale and dataset scale (see Table 1), the model convergence, and the stability against threshold
changes (see Figure 5). In general, the model performance with respect to each loss function decreases
as the imbalance severity increases.

On the DeepCrack dataset, which has the lowest imbalance degree, all compared loss functions achieve
relatively similar performances with OIS and ODS of more than 0.8. Weighting strategies insignificantly
enhance the performances of weighted losses compared to the non-weighted losses (i.e., BCE and dice
loss (TVL with a = B = 1/2)). Our proposed Focal weighting method on TVL (TVL_Focal) gains the
best quantitative results of 1.6% higher than BCE loss. The same trend is found in the TinyCrack dataset.
Hairline cracks are the main obstacle that lowers the performance of all losses. As shown in Figure 4
(see the first four rows), non-weighted losses can recognize most crack patterns. Weighted loss
functions (BCE_IFW and TVL_Focal) perform slightly better thanks to their ability to segment some
hairline cracks, as marked in the images.

Table 1. Quantitative Results of Compared Weighted Loss Functions across the Three

Datasets.

Loss g?;?:;::g DeepCrack TinyCrack LCW
o]S} oDs oIS ODS oIS oDSs
Non-weighted 0.865 0.850 0.773 0.764 0.225 0.191
W IFW 0.868 0.855 0.774 0.765 0.260 0.229
8 DPT 0.863 0.850 0.777 0.766 0.241 0.203
Focal 0.872 0.857 0.775 0.764 0.254 0.209
a=pB=1/2 0.864 0.852 0.769 0.762 0.249 0.222
N IFW (propose) 0.866 0.857 0.764 0.758 0.245 0.218
s DPT (propose) 0.835 0.829 0.657 0.657 0.207 0.178
Focal (propose) 0.879 0.864 0.784 0.774 0.283 0.236

An extremely high level of imbalance and complex real-world background noise presented in the LCW
dataset cause a significant reduction in the performances of all loss functions comprared to the results
in the alternative datasets. Weighting techniques sustainably improve crack segmentation performance.



In detail, IFW is the most robust method for BCE loss, with OIS and ODS around 15% and 20% higher
than BCE loss, respectively. Meanwhile, the proposed Focal weighting strategy brings the best
performance improvement in comparison to the alternative losses. TVL_Focal loss obtains OIS of 13%
and 25% higher than dice loss and BCE loss, respectively. The figures for ODS are 6% and 23% of
performance improvement. Segmented masks depicted in the last two rows of Figure 4 show a
significant improvement when using BCE_IFW and TVL_Focal loss functions. While the non-weighted
losses miss some tiny cracks, the weighted losses can segment most cracks. However, none of these
losses can ideally segment all cracks, and the segmented cracks are a bit thicker than the ground truth
masks due to high penalties on FN predictions.

Regarding the model convergence, the ODS values on the validating sets are monitored over 100
training epochs. Figures 5(a), 5(c), and 5(e) demonstrate that weighted loss functions based on TVL
(except TVL_DPT) converge faster than those of BCE, particularly in the first 30 epochs. The DPT
weighting method performs the worst on TVL, especially when dealing with tiny cracks. Because FN
weights are too high (i.e., B is close to 1), TVL_DPT loss fails to maintain the trade-off between PR and
RE.

In terms of threshold-changing sensitivity, it can be observed from Figures 5(b), 5(d), and 5(f) that the
F1-scores of BCE-based weighted loss functions change sharply across a set of thresholds, particularly
on TinyCrack and LCW datasets, which reveals their low immunization against threshold changes. On
the other hand, weighted loss functions based on TVL are much more stable across the thresholds.
Because TVL function directly optimizes crack regions instead of considering all pixels as BCE does,
predictions yielded by TVL-based losses are more polarity than BCE. Additionally, IFW and DPT
methods increase the stability of BCE. The Focal weighting approach, however, makes BCE loss less
stable to threshold changes.

Image Ground truth BCE BCE_IFW DL TVL_Focal TVL_Focal_Overlayed

DeepCrack

TinyCrack

LCW

Figure 4. Segmented results of typical weighted loss functions.



3.

Conclusions

This study dissects the effects of the imbalanced data issue on crack segmentation performance and

how weighting strategies handle this inevitable problem. Three widely used weighting methods are
tested on BCE loss. Additionally, three region-based weighted loss functions are proposed by
incorporating the weighting methods into TVL. Results from the panoramic comparison on three open
benchmark datasets indicate that mildly imbalanced datasets (e.g., DeepCrack and TinyCrack) have
insignificant impacts on crack segmentation, while severe imbalance degree (e.g., LCW) significantly
impairs the performance. BCE loss with IFW (BCE_IFW) and TVL with proposed Focal weighting

(TVL_Focal) effectively address the severely imbalanced data issue. Moreover, the proposed
TVL_Focal loss outperforms the others with a considerable performance improvement on I0S and ODS,
fast convergence speed and high stability to threshold changes in all cases.
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