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Abstract

Recent road crack detection methods obtain appealing scores but typically allow a few pixel tolerance margin.
This is acceptable for locating cracks, but not for measuring their width (indicator of the cracks’ severity).
Our baseline model, U-VGG19, obtains an F-score of 71.77% on CrackForest, which is superior to other
approaches when no tolerance is admitted. However, increasing the scores without tolerance is difficult due
to inaccurate annotations.

We propose a novel synthetic dataset, Syncrack, as a benchmark for the evaluation of training with
inaccurate annotations. Our results show that inaccurate annotations have a detrimental impact on the
F-measure, decreasing it by up to 20%. To overcome this, we study label noise correction techniques using
weakly supervised learning. Training U-VGG19 with these corrected labels improves the results on Syncrack
by up to 12%. Obtained results on the CrackForest and Aigle-RN datasets support that these approaches
are useful for real-life data too.

Keywords: Crack Detection, Deep Learning, Defect Segmentation, Inaccurate Labels, Weakly Supervised
Learning

1. Introduction

When monitoring road condition, it is crucial to inspect the cracks [I], one of the many roads’ distress
signs. By counting the cracks and determining their orientation, it is possible to determine the origin and
mechanism of the damage (road aging, excessive traffic, climate, etc.). In addition to that, there is an interest
to measure the cracks width, which is one of the indicators of the severity of the damage and future durability
of many constructions, such as concrete structures [2]. Measuring the width requires a pixel-accurate crack
detection [3, [, [5, [6] [7], which is still a challenging task [g].

The major difficulties in road inspection are: 1) the boundary between crack and background is often
fuzzy; 2) the background is composed of diverse textures; and 3) the cracks have complex geometric shapes.
The problem becomes harder under uncontrolled acquisition conditions: irregular and variable illumination;
the image resolution on the limit of thin cracks width; intrusive background textures due to external surface
conditions (humidity, dirt, sand, oil spots) and objects (lane signs, manhole covers, leaves); etc.

All these constraints cause errors when it comes to manual annotation, which is a tedious and highly
time-consuming task. There are annotation errors on two levels (see Fig. : a) on the level of objects (a
missing label for a crack, or a label for a non-existent crack), and b) on the level of pixels (labels are either
too wide, too thin or inaccurately placed).

Motivated by this inaccurate labeling, usually “a pixel predicted as crack is considered as true positive as
long as it is no more than X pixels away from an actual crack pixel” [3, @, 10, 111 12} 13} 14} 15} 16} 17, 18].
Using these tolerance margins, state-of-the-art methods achieve overwhelming F-scores, as high as 95%.
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Figure 1: Examples of inaccurate annotations (from the CrackForest dataset). I@l Incongruent or fuzzy manual annotations.
@ A zoom to an example shows evidence of lack of accuracy (here, the manual crack mask is wider than the crack).

Table 1: Comparison of deep-learning-based results using different scope evaluations on pavement images.

Evaluation | Bounding | Patch Tolerance Pixel-
strategy box [20] 21, 22] |margin [3| [I7] | accurate [4, [6] [5]
F-measure | >85 % >90 % >95 % >70 %
Geometric
aecuracy * ok Yokk Yokokok
(location/
width)
Evaluation Crac.k—box Patch size Tolerapce Pixel-

.. size margin
precision dependent dependent dependent accurate

2 While this tolerant approach is sufficient for counting and locating cracks, it is not for measuring their width
— an indicator of the cracks’ age and severity [§].

Tolerance margins are lax and tolerant to errors on the pixel level, providing too optimistic scores (see
Table 1] discussed at [section 2)). These margins have shown to create huge score gaps: from F-score=56.7%
(0-pixels tolerance) to 80.0% (1-pixel tolerance). The typical 2-pixels margin increased the score even more:

s up to 87.0% [12]. Table [2] shows preliminary results with different tolerance margins, training the model
proposed in this paper on public data. We can observe that increasing the tolerance margin increases the
precision drastically. It has been shown that training with dilated annotations allows increasing the recall
when evaluating on raw annotations. This increase in recall, however, comes with a decrease of precision [19]
(because the predictions are wider than the original annotations). Thus, tolerance allows predicted cracks

3 to be wider than reality, artificially preserving high precision scores.

Evaluating without tolerance will provide a higher degree of confidence in the geometric properties ob-
tained from detected cracks e.g. shape, length and width (see Fig. . However, increasing the scores without
tolerance is difficult due to the inaccuracy of manual annotations. From a machine learning perspective,
these inaccurate labels are a particular case of noisy data at the pixel level. Although some efforts have

5 been made to learn in the presence of noise with some class imbalance [23], no strategy is usable on heavily
class-imbalanced data. Indeed, cracks typically represent less than 1% of the pixels from road images. Such



40

45

50

55

60

Table 2: Crack detection scores using different tolerance margins.

Tolerance margin
Opx 1px 2px 5px
Precision | 72.04 | 88.19 | 93.10 | 95.15
Recall 74.45 | 78.10 | 79.02 | 79.37
F-measure | 73.23 | 82.84 | 85.48 | 86.55

Opx ) 1px ) 2px ) 5px

Figure 2: Evaluation with tolerance margins. Color code: (Black/White) Crack/No crack; (Grey) Ground truth for evaluation
with tolerance margins. (a) A crack. (b) Perfect prediction. (c-e) Predictions inside their corresponding tolerance margin; all
black pixels are true positives, but the geometry of the real crack is not respected.

Metric

(a) Crack (b)

a rate of imbalance represents a considerable challenge to effectively train a model with inaccurate human
labels.

In this paper, we explore the limitations of pixel-accurate crack segmentation methods based on fully con-
volutional neural networks (FCNN). Particularly, the limitations caused by the negative impact of inaccurate
labels. Our contributions can be summarized as:

1. An extension of VGG19. Inspired by U-net, we build a novel encoder-decoder network (referred to as
U-VGG19) for supervised road pavement crack detection. We use transfer learning to reduce training
costs and deal with few real-life annotated data.

2. A novel synthetic dataset, Syncrack. We develop this dataset and propose it to quantitatively measure
the detrimental impact of inaccurate labels when having an accurate ground truth for evaluation.

3. A study of label correction methods. We prove that correction approaches traditionally used in weakly
supervised classification provide a significant improvement with respect to inaccurate annotations.
Using these methods, we increase scores up to 12% in pixel-accurate evaluation (when no tolerance
margins are allowed).

Our quantitative results on Syncrack show how pixel-accurate crack segmentation can greatly benefit from
weakly supervised learning approaches. Furthermore, our results on public datasets support that these
approaches are useful for real-life data too.

The rest of the paper is organized as follows. In we provide a review of the literature on crack
detection, and on learning from inaccurate labels. The model proposed as baseline (U-VGG19), and the
explored methods to correct labels, are introduced in The experiment setup used for training the
baseline model, and label correction, is described in This section brings also a description of the
proposed synthetic dataset, Syncrack. Then, we analyse the potential of using U-VGG19 as a baseline model
in[section 5] and we compare it with the state of the art on public datasets, with pixel-accurate evaluation. In
we quantify the impact of inaccurate labels and the efficiency of different label correction methods
on Syncrack and real-life data. The concludes the paper and suggests some future improvements.
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2. Related Work

2.1. Conventional Image Processing

In this field, classical methods apply statistical thresholds to detect dark pixels. This can be followed by
other strategies like Minimal Path Selection [9], to connect them on image patches seen as graphs. CrackTree
[10] builds a crack probability map using tensor voting to create a graph, derives minimum spanning trees
from that graph, and performs recursive tree-edge pruning to keep only desirable cracks. Another, a contrario
based, threshold selection has been proposed in [24] inspired from the perception law stipulating that a shorter
crack must be more contrasted to be visible in noise.

These methods have been superseded by machine learning approaches, providing higher detection scores
and coping with more complex images containing intrusive objects.

2.2. Machine Learning Approaches

Supervised machine learning approaches rely on annotated images. CracklIt [25] performs both pixel and
region-based classification based on block mean and standard deviation. CrackForest [11] is a method based
on random structured forests, used to predict a crack patch of structured tokens as a preliminary crack
detection result. The tokens are used to construct a crack descriptor fed to a SVM. In [26], a bottom-hat
transform is used to enhance crack-like regions. A MorphLink-C method is used to connect regions, and
connected regions are classified as crack or non-crack by extracting 6 geometrical features and feeding them
to a multilayer perceptron.

These works follow a common strategy: identifying patch-wise the apparent existence of cracks, extracting
features from a suspicious patch, and using the features to identify crack pixels/regions. This allows reducing
false positives, but still lacks pixel-wise precision constrained by handcrafted features.

2.2.1. Deep Learning (DL)

In 2016 and 2017, [27] and [28] respectively cropped high-resolution pavement images into patches,
annotated binary as containing or not a crack, to train a CNN. Both networks beat conventional computer
vision approaches. Later works such as [29] aimed for multi-class classification. This allowed not only
identifying patches with cracks but identifying the type of crack inside the patch. In 2018, [28] fine-tuned
AlexNet for concrete structures. To achieve more precise detections, they get crack-probability maps based
on the average predicted probability of overlapping sliding windows. Similarly, [13] proposed a structured
prediction approach by representing each pixel with a patch. Per input patch, a smaller patch was predicted
and the output patches were used to build probability maps. For simultaneous distress segmentation, [20]
used YOLOvV2; this provided a set of bounding boxes, avoiding patches but lacking accurate location.

In 2019, [3] moved to FCNNs: U-net based networks allowed pixel-accurate segmentation. The same
year, U-net was also introduced for concrete crack detection [7]. Independent U-net variants were used as
generative models by [] for generative adversarial networks (GANSs). In 2020, [21I] again combined a U-net
with adversarial learning, replacing the last block of convolutional layers in the decoder by a discriminator.
This network aimed to classify patches in a binary way.

A U-net variant inspired by PSPNet was proposed by [5]. This architecture replaces the blocks of
convolutional layers in the encoder by multi-scale blocks, and the bottleneck by residual blocks. A similar
network was proposed by [I5], but adding attention gates between the encoder and the decoder before
concatenating to only propagate relevant activations further. In [19], a self-attention layer is added on top
of the last bottle-neck layer of a U-net. This network is one of the method’s three components: image
preprocessing, deep neural network and data augmentation (dilating the annotations used for training).

With a multi-scale approach too, [30] used an encoding FCNN to obtain different resolution feature
maps. These maps are deconvoluted to calculate the loss during training and to fuse them together. The
final fusion is post-processed to obtain refined predictions. A boosting method based on a U-net architecture
was proposed by [6], assembling feature maps with different resolutions from the decoder, sharing a single
fusion-loss function. The presence of a decoder avoids the need for post-processing. A similar approach
was presented by [I4], but using SegNet as a basis. This provided SegNet with the ability to decode
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using information from the encoder, similarly to U-net’s skip connections. The architecture discussed in
[6] was extended by [16] adding a multi-dilation module at the bottleneck. This module allows to obtain
multiple context sizes’ features by using dilation convolutions with different dilation rates. Another ensemble
approach was proposed in [I7], weighting multiple independent CNNs for the final ensemble. These CNNs
return (0, 1)™*™ vectors from nxn patches.

Table [1| compares the top scores from DL methods presented in this section. As discussed before, scores
based on tolerance margins are lax and tolerant to errors on the pixel level.

2.3. Weakly Supervised Learning

Weakly supervised learning is an intensively studied topic [31, B2]. It can be categorized into three main
groups: noise-robust algorithm design, noise filtering, and noise-tolerant methods [3I]. We will focus on the
first two.

Robust algorithms like SVM or k-NN can reduce the negative impact of noisy labels, as long as the
number of training samples is big enough [23]. Furthermore, combining SVM with techniques such as active
learning provides a way to train with semi-supervision. This reduces the labeling process to annotate a set of
-greedily chosen- relevant samples [33]. However, traditional machine learning algorithms using handcrafted
features have been overpassed by DL for crack detection.

Classifier ensembles (e.g. voting strategies [34] [35]) have shown an ability to improve the performance
of models trained on inaccurate data. These ensemble outputs can be used further to post-process the
predictions. On the other hand, single-classifier-based filters have been used successfully too [34] [36]. Using
single-classifier outputs recursively is called self-training: each new model takes the output of the previous
one as input, and it produces new (cleaner) labels. This strategy has been used to segment images using
image-level labels [37].

Other approaches have been proposed to study the influence of single data pairs (input/label) during
training to identify outliers (i.e. potential mislabels) [38, [39]. Nonetheless, influence functions require
expensive second derivative calculations and assume model differentiability and convexity. Recent efforts
[40, [41] have proposed to approximate these functions using second-order optimization techniques. This
allows integrating influence scores for outlier detection when training CNNs. However, the detection of
influential observations is complex.

Alternatively, efforts have been made towards building loss functions able to deal with outliers. For
example, [42] proposes a framework with a noise-robust loss that allows updating the parameters of the
network and correcting the inaccurate labels simultaneously. However, this kind of approaches, as well as
influence-based ones, is typically used for image classification. For segmentation, we have a more complex
problem. Instead of classifying images, we are classifying pixels: we make tens of thousands of predictions
per image instead of one.

Some alternatives to this kind of problem have been proposed based on per-pixel difficulty. For example,
for vessel segmentation from weak automatic annotations [43]. First, the loss focuses on easy-to-classify
pixels. However, this has the potential risk of ignoring systematic biases in noisy labels (losing crucial
pixels). Thus, an online active component is used to refine updated labels: a small number of valuable pixels
with potentially incorrect labels are annotated and then manually refined in each iteration during training.

For vessel segmentation, choosing these valuable pixels is challenging because of the highly imbalanced
foreground and background. Similarly, crack detection has an inherent severe class imbalance. Training in
presence of class imbalance is difficult by itself; it is commonly done by oversampling the minority class.
However, doing this in presence presence of label noise is still a challenging problem [44]. Particularly, severe
class imbalance represents an open challenge also for all the weakly supervised learning approaches discussed
so far.

After identifying the mislabeled samples, filtering is done by correcting those samples. This correction
consists of relabeling or removing the identified mislabeled examples [32].
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3. Proposed Approach
3.1. U-VGG19

U-net [45], a symmetrical auto-encoder, has seen success in pavement distress segmentation. Unlike a
typical auto-encoder, it adds some skip connections to feed the decoder with the feature maps generated by
the encoder at different resolutions.

On the other side, VGG has been an attractive feature extractor, also used to detect cracks. For example,
[3] used the pre-trained VGG16 by substituting its dense layers with deconvolutional ones. For black box
images, [46] built a generic decoder able to be concatenated with different encoders. Using a pre-trained
VGG16 encoder allowed the model to surpass even a model based on ResNet152 (without using pre-trained
ResNet weights). Similarly, [I8] proposed an improved U-net by testing different depth encoders inspired
by the VGG19 architecture. Furthermore, loss functions based on VGG-extracted feature maps have been
used for texture generation. Particularly, to reduce the impact of limited amounts of available annotated
data, [47] used a semantic texture generation approach for data augmentation. This improved the model’s
performance in real images.

Based on these reasons, we built a U-net-like network using the pre-trained VGG19 [48] as a basis. We use
its convolutional layers as encoder (Fig. A), and we replace the dense layers with a decoder (symmetrical
to the encoder, Fig. B) for segmentation. Like the original U-net, we add a skip connection between the
encoder and the decoder at each available resolution (see Fig. [3|C).
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Figure 3: U-VGG19 architecture.

This network, referred to as U-VGG19, is used as baseline model for the experiments in this paper. All
the convolutional layers use kernel size 3, stride 1, and a ReLu activation. The only exception is the final
layer (Fig. D), using kernel size 1 with a sigmoid activation to obtain a single channel image with values
in the range (0, 1) — crack probability. The downsampling uses max pooling; the upsampling uses nearest-
neighbor interpolation. Since we do not use any dense layer, any input size can be used without resizing.
The number of trainable parameters is 39,236,101.

3.2. Learning in Presence of Noise

Manual annotations are prone to many errors, especially at the pixel level. Training with these inaccurate
annotations is a case of inaccurate supervision, a sub-case of weakly supervised learning [32]. In this paper,
we explore noise-robust algorithms and noise filtering strategies for label correction [3I]. Particularly, we
look to improve crack prediction in terms of the cracks real width. The core idea is 1) to get a set of new
pseudo-labels from the original data and 2) to train a model with the help of these pseudo-labels.

From robust algorithms, k-NN has shown to reduce the negative impact of noisy labels, as long as the
number of samples is big enough [23]. In this paper, we use U-VGG19 as a feature extractor: we use the
feature maps from the second to last convolutional layer (Fig. D) to represent each pixel as a 2D vector.
Then, a 5-NN algorithm is used to assign new pseudo-labels per pixel. The algorithm is applied to each image
individually, because of its scalability with respect to the number of pixels. A typical image for pavement
crack detection contains ~150k pixels, which fulfill the “big enough” requirement [23]. Increasing the number
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of images to be used simultaneously would increase drastically the processing time per image. We refer to
this approach as 5-nn voting.

It is also possible to use the predictions of the model for self-training. This means to train models
recursively: each new model takes the output of the previous one as training input, and the new model
predicts new pseudo-labels [40]. In this paper, we train U-VGG19 with manual labels and we use the trained
model to predict new pseudo-labels per image. We refer to this approach as self-training.

Ensemble voting strategies have shown to improve the performance of models trained with noisy data
too [34, [35]. Similarly to [49], we use a bagging strategy with a k-folds approach. Specifically, we train
10 different models with 10 different subsets (composed of 9 folds each). Once the 10 voters are trained,
they are used to predict all the available images. Unlike [49], we get pseudo-labels per image using all the
trained models simultaneously before training the final model. To do this, two ensemble strategies are used:
magority voting and consensus voting.

The pseudo-labels generated by the methods described before are used to filter (i.e. to correct) the original
labels. This consists of removing or relabeling samples [32]. Evidence suggests that removing the identified
mislabeled samples reduces the error in clean data with respect to relabeling them. Nevertheless, compared
with removal methods, relabeling ones have their accuracy fall off much more slowly when increasing the
label noise [36]. This may be explained by the limited number of remaining training samples after removal.
In our context, with few labeled images and a very low rate of positive-class instances, the impact of removing
data points could be worse. Thus we study both approaches.

To relabel, we simply replace the original labels by the new pseudo-labels. To remove, we use the pseudo-
labels to weight pixels at loss calculation during training: we assign a weight of 1 to the pixels where both
the raw and the pseudo-label agree, and 0 to all others.

4. Experimental Setup

4.1. Fully-convolutional Neural Network

The proposed architecture was implemented using Tensorflow 2.1.0 and a 4GB Nvidia GTX 1050. During
training, input images are cropped to 256x256 patches and fed as 4-patch batches. This setup is used to
deal with datasets containing multiple-size images without resizing. Each model is trained using the Adam
optimizer with a 10~* learning rate and default parameters. The initial weights from the encoder are the
weights from VGG19 pre-trained on ImageNet; from this starting point, the whole U-VGG19 is trained
together.

For each dataset, available images are randomly split into 80% training and 20% validation using a fixed
seed. Then, a model per dataset is trained. To refine the results at late epochs, we reduce the learning rate
on validation loss plateau (by 2, with 5 epochs tolerance). To avoid overfitting, we add an early stop if the
validation loss does not increase during 20 consecutive epochs. We report the scores calculated on the the
validation split at the epoch with the minimum validation loss (validation images are fed without cropping
using batch size 1).

4.2. Datasets

CrackForest Dataset (CFD): This public dataset contains 118 images collected from urban roads
containing perturbations such as shadows, oil spots, and water stains in Beijing, China [II]. The original
image size is 480x320. Two independent annotations are provided: borders and segmentation. As suggested
by [B], we removed some images with clear annotation errors; we preserved a total of 108 images.

Aigle-RN: A subset from a bigger database presented in [9]. Unlike the other subsets (collected by
laser), Aigle-RN is captured using cameras. It contains 38 annotated images collected at traffic speed for
periodically monitoring the French pavement surface condition. They have been pre-processed to mitigate
the influence of non-uniform lighting conditions.

Syncrack: This dataset (available at: https://github.com/Sutadasuto/syncrack_generator/tree/
demo|) provides synthetic RGB images of crack-like structures over pavement-like textures. Both the crack
shapes and the pavement textures are generated randomly based on Perlin noise. To make crack detection
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challenging, the contrast of cracks is low and randomly variable along the crack. Furthermore, transition
zones between cracks and background are added to emulate the boundary fuzziness of real-life pictures.
Finally, small crack-like artifacts are added to avoid models to learn only from pixel intensities ignoring the
spatial properties of actual cracks. To make this dataset more similar to a real-life one, the image size is
480%320 and the crack width is randomly chosen to be around 1-3 pixels (similarly to CFD). The dataset
contains 500 images with their corresponding pixel-accurate annotations. Additionally, a noisy version
(emulating real-life inaccurate annotations) is provided.

4.8. Label correction

. For the generation of pseudo-labels, we first train U-VGG19 under the same setup described at
The model obtained with the training split of a given dataset is used to get pseudo-labels for both
the training and the validation splits of the very same dataset. The newly labeled training and validation
splits are then used to train a new model. Finally, this model is used to predict the images from the validation
split using the original raw labels for evaluation.

In the case of Syncrack, the training split is 20% and 80% for validation. This is meant 1) to have a
number of training images similar to real-life datasets and 2) to have a larger number of validation images
such that the confidence in the obtained results is higher. To have objective baselines about the effects of
inaccurate annotations on crack detection, we use the noisy version of Syncrack.

To introduce the noise, the ground truth images were divided into patches. Per patch, an erosion or a
dilation is randomly performed, using a disk with random radius. With this approach, some crack annota-
tion segments become wider, others thinner, some remain untouched and some even disappear completely.
Syncrack contains 0.46% crack pixels and 99.54% background pixels. After introducing noise, with “crack”
as the positive class, the labels are composed of: 0.31% true positives, 0.25% false positives, 99.30% true
negatives, and 0.14% false negatives. Thus, the dataset has a quasi symmetrical label noise (false positives
and false negatives), and a severely imbalanced class representation, likewise in real road images.

4.4. Training Loss

In segmentation tasks, the binary cross-entropy (BCE) loss is typically used for training. However, this
function exhibits a severe problem on highly imbalanced data like ours. As pointed out by [21], a naive
FCNN approach will lead to the “all black” problem: the network will simply converge to treating the entire
input image as background.

To solve this, classical approaches like class weighting have been used [6]. However, by overweighting the
under-represented class (cracks), the model will have a bias towards false positives such as wider cracks and
isolated noise. This behavior is contradictory with the pixel-accurate segmentation goal, so we adopted the
approach proposed by [5]: a hybrid loss function using the Dice Score Coefficient (DSC). This score, used
for segmentation evaluation, represents the ratio of the area of intersection of two objects to the total area.

DSC ranges from 0 to 1 (the greater, the better), but it has a singularity when both ground truth and
prediction have no crack pixels. To deal with this, and to use the score as a loss function to minimize, the
Dice loss (DICE) is defined as follows:

2% GT x Pred + 1
DICE =1 — 1
¢ GT + Pred + 1 (1)

DICE ranges from 0 (perfect prediction) to 1 (Pred and GT don’t intersect at all). However, this function
has convergence problems, sometimes falling into local optimum. To deal with this, our final loss introduces
BCE as proposed by [5]:

Loss = BCE+ ax DICE (2)

The constant weight « is a hyperparameter; after some preliminary experiments, we set « to 3. By
minimizing this function, BCE helps to achieve convergence while DICE punishes the model for “all black”
outputs.
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4.5. Evaluation Scores

The first approaches to crack detection using DL performed patch classification. Given the inherent class
imbalance, Precision, Recall and F-measure were often used as metric scores. These scores were extended to
evaluations with tolerance margins, as well as to recent pixel-accurate works evaluating without tolerance,
so we do as well. Similarly to [5], we report the DSC as a metric score more suited for binary segmentation.

We calculate the DSC per image, and we report the average over all the validation images. Precision
and recall are calculated over all the validation pixels. To calculate the scores, the network’s predictions are
binarized using a threshold of 0.5.

5. Baseline Model Analysis and Comparison

To explore our label correction approaches, first it was necessary to test our baseline model. To do this,
we trained U-VGG19 on public real-life datasets and compared our scores with state-of-the-art methods
(when no tolerance is allowed).

Fig. [] shows an example of U-VGG19 predictions in validation images from both CFD and Aigle-RN.
Table [3] shows the scores obtained on the validation sets of both datasets, when training U-VGG19 on each
one of them individually. Additionally, to analyze the ability of U-VGG19 to learn simultaneously from
different information sources (cross-dataset generalization), we report the results obtained by using CFD
and Aigle-RN as a single dataset.

GT Pred

Input

GT/Pred comparison

Figure 4: Qualitative performance on CFD and Aigle-RN. Comparison color code: (Green) True positives; (Blue) False negatives;
(Red) False positives.

Table 3: Results on public pixel-accurate datasets using U-VGG19.

Dataset Metrics Score

CFD Pr, Re (F) | 72.23%, 71.31% (71.77%)
DSC 70.80%

Aigle-RN Pr, Re (F) | 56.33%, 81.25% (66.53%)
DSC 65.66%

CFD+Aigle-RN | Pr, Re (F) | 72.04%, 74.45% (73.23%)
DSC 72.01%

It is important to highlight that the highest score is obtained in the CFD-+Aigle-RN dataset.

This

suggests that our network benefits from the diversity of the images contained in both datasets. This boost
can be also explained by the increased number of training images. The number of training images could
also explain why the performance of U-VGG19 is lower in Aigle-RN compared to CFD (38 vs 108 labeled
images).
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Table 4: Comparison of pixel-accurate F-scores on CFD.

Method F-score
U-net [4] 60.48%
GANs [ 64.13%
Multi-scale Convolutional Blocks [5]* 74.19%
Feature Pyramid and Hierarchical Boosting [6]°| 70.50%
Distribution equalization learning [19] 54.55%
- U-VGG19 (ours) — 71.77%

@ Training and evaluation are done with a CFD+Aigle-RN dataset.
P GT and Pred are thinned to 1-pixel edges for evaluation.

Table {4] compares U-VGG19 with other pixel-accurate methods evaluated without tolerance. These state-
of-the-art methods, similarly to ours, are based on U-net. We chose CrackForest as a reference dataset and
F-measure as the score since they are the most popular in literature.

Our method is just below a U-net with multi-scale convolutional blocks [5]. However, those results were
obtained by using a CFD+Aigle-RN dataset. By comparing them to our results using the same dataset
fusion approach, we are below by less than 1% — see Table 3] (CFD+Aigle-RN F-score) and Table [4] (Multi-
scale Convolutional Blocks) —. Nonetheless, their architecture is much more complex than ours; moreover,
our training converged around the same number of epochs reported by them (~90), implying an advantage
in terms of hardware requirements and time. Furthermore, the transfer learning strategy of U-VGGI19
outperforms other, more complex, approaches (GANs [4], multi-scale hierarchical boosting [6], distribution
equalization learning [19]).

When we analyzed U-VGG19 predictions qualitatively, we observed two relevant types of error: 1) missing
low-contrast thin cracks and 2) questionable cracks that could be or not annotated as cracks depending on
the observer.

As suggested by [5], we extended our method by introducing data augmentation. Particularly, we aimed
to improve the recall by solving the problem of missing thin cracks. Our data augmentation consisted of
randomly transforming an image (and its corresponding annotation) immediately before feeding it to the
neural network for training. To do this, a random value for each of the 6 following operations is chosen:
adding noise, changing illumination, flipping, zooming, rotating and shearing. Every image undergoes the 6
operations in the given order.

In Table | we can see that the data augmentation approach actually reduced our DSC. Even more,
contrary to the expected outcome, the most affected score was the recall. When we analyzed the predictions
of this new model, the score reduction seemed to be caused by questionable cracks.

Table 5: Results on CFD+Aigle-RN.

Method Metric Score
Multi-scale Precision | 72.44%
Convolutional Recall 76.02%
Blocks [5] DSC 72.09%
Precision | 72.04%
U-VGG19 Recall 74.45%
DSC 72.01%
U-VGG19 Precision | 75.62%
with Recall 66.62%
data augmentation | DSC 69.60%

These cracks are questionable both on the level of objects, and on the level of pixels: in Fig. |5 according
to the manual annotation, the recall decreased; but, by looking at the false negatives (in blue), it is clear
that the predicted crack is closer to the real width and shape.

10



335

340

345

350

355

(a) Input (b) Manual ground truth

L -

(¢) U-VGG19 prediction (training with (d) Ground truth vs Prediction com-
data augmentation) parison

Figure 5: Comparison of manual (noisy) annotation and a prediction (more accurate in terms of width). The color code inl@l
is the same as in Fig. E

To conclude, without accurate ground truth annotations, it is hard to objectively quantify the ability
of the model to deal with noisy annotations. In the next section, we use Syncrack, a synthetic dataset
with clean accurate annotations. By introducing noise to the labels, we quantify the effects of inaccurate
annotations and label correction approaches.

6. Results and Analysis

To show that the scores obtained by training with pseudo-labels are stable, the results presented in this
section are the average scores of 3 models trained independently per dataset. To begin, we trained U-VGG19
using Syncrack with clean (accurate) annotations as a baseline. Then, as a second baseline, we trained a
fresh version of U-VGG19 with the noisy version of Syncrack and tested the trained model on clean data.

In Table [6] we can observe that training with noisy labels reduces drastically the performance of U-
VGG19 on clean data: from DSC=82.58% down to 61.30%. To ensure that this behavior is not caused
only by our architecture, we train two other publicly available networks on Syncrack: U-net-B, one of the
approaches with the highest scores (F-score>95% [3]) in our literature review; and MultiResUnet [50], which
has an architecture very similar to the one proposed by [5]. Both, U-Net-B and MultiResUnet, show again
a severe drop of DSC when training with noisy data.

This implies that it is important to deal with inaccurate labels in order to take full advantage of the
models’ learning capacity.

The first tested approach was motivated by the observation made with respect to Fig. it is possible
that the expected generalization improvement caused by data augmentation is actually helpful to deal with
inaccurate labels. Training U-VGG19 and MultiResUnet with noisy labels, but using data augmentation,
actually improved the baseline of training with noisy data, as seen in Table[f] Since data augmentation is a
common practice in DL, we use this score as a third baseline.

Given that U-VGG19 obtained the highest scores for all the baselines, we use it to test 4 label correction
approaches:

1. Self-training: we use U-VGG19 trained with noisy labels (with data augmentation) to predict pseudo-
labels.

11
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Table 6: Baselines on Syncrack using different networks.

. | U-VGG19 | U-Net-B | MultiRes

Labels Metric (ours) Bl UNet, [50]
DSC 82.58 75.36 63.23
Clean Pr 85.07 81.89 61.00
Re 81.30 73.15 64.29
DSC 61.30 57.11 51.23
Noisy Pr 49.81 62.65 54.25
Re 85.68 58.59 53.60
Noisy DSC 66.47 53.48 60.63
(with Data Pr 54.98 66.74 52.85
Augmentation) | Re 88.63 50.88 80.17

2. Majority voting: we train 10 instances of U-VGG19 using subsets of the training split with noisy labels
(without data augmentation). Pseudo-labels are generated by majority voting, using the 10 models as

voters.

3. Consensus voting: we used the same 10 (previously trained) models, but generating the pseudo-labels

with a consensus voting approach.

4. 5-nn voting: we use U—VGquﬂ trained with noisy data (without data augmentation) as a feature

extractor. Per image, we obtain pseudo-labels using a 5-NN algorithm.

The pseudo-labels generated by these methods are used to correct labels: relabeling the noisy annotations,
and removing (ignoring) the pixels with a disagreement between noisy and pseudo labels. We show the
results of both approaches in Table[7] In Fig. [6] it is easy to notice that both strategies have a very similar
performance. Removing tends to be better most of the time, with 5-nn voting being the only exception.

Table 7: Results on Syncrack’s clean validation data training U-VGG19 with corrected labels. The best score per metric is

highlighted in bold.

Correction method | Metric | Removing | Relabeling
DSC 68.60 67.44
Self-training Pr 58.38 55.90
Re 87.05 88.83
DSC 63.69 63.41
Majority voting Pr 53.36 52.36
Re 84.74 86.17
DSC 64.34 64.24
Consensus voting Pr 61.41 60.81
Re 73.58 74.01
DSC 71.57 73.37
5-nn voting Pr 71.94 72.53
Re 76.02 78.30

This is particularly interesting since 5-nn voting is the best among the four proposed approaches. The
DSC improved from 61.30% (training with noisy labels) to 73.37% (training with pseudo-labels): more
than half the decrease caused by noisy labels. Comparing this with training using noisy labels with data
augmentation (called data augmentation from now on), we see an increase from 67.44% to 73.37%.

1Both for self-training and 5-nn voting, we chose the model with the highest validation score during training with noisy

labels.
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Figure 6: DSC on Syncrack’s clean validation data using corrected labels.

The only other approach that surpassed the data augmentation baseline was self-training. This supports
that, indeed, U-VGG19 is able to improve itself by training with its own predictions. Regarding the vot-
ing ensembles, both are below data augmentation but they surpass the noisy-label baseline. Particularly,
consensus voting exhibits a slightly better score than majority voting (either by relabeling or removing).

In Tables [6] and [7] we highlight some behaviors:

1. Training with noisy labels may increase the recall but it decreases the precision with respect to training
with clean data.

2. Using data augmentation tends to increase both precision and recall with respect to training with noisy
labels.

3. Removing labels tends to increase the precision whereas relabeling the recall.

4. The behavior in 3 is analogous to the one expected from majority and consensus voting: consensus
increases the precision and majority the recall.

5. All the explored methods improve the precision with respect to training with noisy data.

Behavior 1 suggests that introducing noisy labels during training makes the predicted cracks wider
(precision decreases). On the other side, behavior 5 suggests that using weak supervision approaches deals
with this problem (precision increases). Particularly, the method that obtained the highest DSC (5-nn
voting, relabeling) achieved the highest precision.

Fig. [7 illustrates this. U-VGG19 is able to properly detect cracks as thin as 1 pixel, when trained
with clean (accurate) labels. However, by training the same architecture with noisy (inaccurate) labels, the
predicted crack is much wider than reality (3 times wider). After training the network with the pseudo-labels
generated by 5-nn voting, most of the crack is detected with its original width.

The weak supervision approaches that provide the best scores on Syncrack (self-training and 5-nn vot-
ing) will now be tested on real data (CFD+Aigle-RN). For simplicity, we used only a relabeling strategy for
training. This time, our only baselines are training with manual annotations and training with data augmen-
tation. Table[8|shows the scores of the baselines and the two weak supervision approaches, using the original
manual annotations as ground truth for evaluation. Contrarily to the intuition, the DSC training with data
augmentation was lower than when training without it. Furthermore, the DSC obtained by training with
pseudo-labels is also lower than the raw manual labels baseline.

Nonetheless, under the context of noisy labels, this is not a surprise. As expected from the results obtained
on Syncrack, the decrease of DSC is explained by a reduced recall in all the cases. Furthermore, in the three
cases, the precision improves with respect to training with manual annotations. Manual annotations have a
bias towards labeling cracks wider than reality. Learning this bias will improve the scores evaluating with
those inaccurate annotations. A better crack width prediction, however, will decrease the recall score.

Unlike with Syncrack, we don’t have accurate ground truth annotations to measure if our correction
approaches are actually improving the prediction. To indirectly measure if the decrease of recall is due to
refining the predicted cracks width, we analyzed the grayscale intensity of pixels labeled as crack. Dark

13
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Figure 7: Prediction comparison of U-VGG19 on Syncrack. In the last three rows, black-lines show predictions and colored
lines show the comparison with the clean label (the color code is the same as in Fig. @

Table 8: Results on CFD+Aigle-RN using label correction techniques.

Method Metric Score
Precision 72.04%
U-VGG19 Recall 74.45%
DSC 72.01%
U-VGG19 (using data augmentation) Precision 75.62%
Recall 66.62%
DSC 69.60%
U-VGG19 (using self-training correction) Precision 74.54%
Recall 61.99%
DSC 66.70%
U-VGG19 (using 5-nn correction) Precision 74.23%
Recall 71.73%
DSC 71.53%

Calculated with respect to manual annotations.

pixels are more likely to be part of a crack; therefore, a more accurate crack segmentation should exhibit a
lower average intensity. Furthermore, a wider segmentation should exhibit a higher standard deviation since
it includes a variety of pixels from healthy pavement.

First, raw images were converted to grayscale —[0, 1]— without standardization. Then, we calculated the
average and the standard deviation of the set of crack-labeled pixel intensities per image. Table [J] shows the
average from this analysis in all the validation images. With respect to manual annotations, both average
intensity and standard deviation are slightly lower in the U-VGG19 predictions. Furthermore, both average
and standard deviation decrease even more in the predictions of U-VGG19 trained with data augmentation:
the segmentation seems to improve despite achieving a slightly lower DSC.

For weak supervision approaches, we can observe the same behavior: the recall decreases, but the average
intensity and standard deviation decreased too. Particularly, the average and standard deviation of self-
training are lower than the ones of data augmentation. This is congruent with the results obtained from
Syncrack, where self-training improved the baseline of data augmentation. However, the decrease of recall
could be caused merely by missing entire cracks or crack segments. Therefore, a qualitative analysis is
needed.

A comparison of the predictions obtained by the methods from Table [0] is shown in Fig. We focus
on self-training since it was the method with the lower average and standard deviation. Arrow A points a

14
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Table 9: Analysis of pixels predicted as cracks on the validation split of CFD+Aigle-RN.

Average Intensity
Method intensity | standard deviation

Manual annotations 0.3839 0.0811
U-VGG19 0.3791 0.0814
U-VGG19 with

Data Augmentation 0.3673 0.0757
UVGGI with 0.3595 0.0714
self-training correction

U-VEGL9 with 0.3760 0.0803

5-nn correction

dark structure not labeled as crack by the original manual annotation but identified as a crack by the model
trained with self-training. This ambiguity is shared with the structure pointed by arrow B. It looks similar
(albeit a bit lighter) but the structure was manually annotated as crack, while not predicted as crack by
U-VGG19. Both cases are examples of fuzziness caused by low-resolution images; correction of this kind of
potential errors remains a challenge. However, arrows C and D point to zones where our label correction
approach shows promising results. In case C, the manual annotation is much wider than the actual crack. As
we advance along the columns, the prediction gets thinner without missing the visible crack, thus improving
the predicted crack width. In case D, the manual annotation is slightly offset with respect to the given
visible crack. As we move along the columns, both the shape and the location of the crack improve in our
predictions.

U-VGGLY (using U-VGGIY (using

Input U-VGGI19 data augmentation) self-training)

Pred vs Original GT

Masked input

*Original GT

Figure 8: Prediction comparison training with manual annotations, data augmentation and corrected annotations. The color
code is the same as in Fig. E

Inaccurate annotations are a key element limiting supervised crack detection: 1) the resulting models
are inherently biased, and the scores hit a ceiling because of the noise in the ground truth; 2) if we remove
the bias from the training data, the discrepancy with the inaccurate ground truth annotations will increase
and the scores will decrease. However, methods derived from the field of weakly supervised learning show
themselves as very promising options to deal with this. Particularly, these approaches can help to relabel
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manual annotations into a more accurate ground truth in terms of crack width.

7. Conclusions and Future Work

In this paper, we approached the problem of inaccurate manual annotations under the scope of weakly
supervised learning. This is possible because mislabels at pixel level (caused by inaccurate annotations) are
a case of noisy labels.

First, to approach the crack detection task, we introduced U-VGG19 (a U-net with VGG19 as backbone).
U-VGG19 obtained an F-score of 71.77% on the CrackForest dataset. This is competitive and often better
than other, more complex, approaches when evaluating without tolerance margins.

Then, to evaluate the impact of inaccurate annotations, we introduced a novel synthetic dataset (Syn-
crack). This dataset contains pixel-accurate crack annotations, used as a training baseline for U-VGG19.
After that, we introduced noise to the annotations to emulate real-life inaccurate annotations. Training
with these noisy labels exhibited a very negative impact: a decrease from DSC=83% to 61% on accurate
annotations.

To fill this gap, we tested label correction methods inspired by the field of weakly supervised learning.
The most successful ones were self-training and 5-nn voting, improving the noisy-label results by up to 12%
(from DSC=61% to 73%): more than half the decrease caused by inaccurate annotations. We extended these
methods to real road images (CrackForest+Aigle-RN). Since no accurate ground truth exists in this case,
we provided indirect measurements intended to evaluate the quality of the predicted cracks width. All the
provided results showed the promising performance of weak supervision methods to improve crack detection.
Particularly, in terms of crack width.

Learning in presence of noise is an extensively studied field. However, there are no strategies suitably
studied for severely imbalanced classes such as in crack detection (with ratios as aggressive as 1/100). Based
on the results presented in this paper, improving weak supervision approaches oriented to heavily imbalanced
classes can work hand-to-hand with DL strategies, towards improving crack detection.

The code to reproduce our results is available at: https://github.com/Sutadasuto/weak_supervision_
crack_detection
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