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Trial on Open-set Annotations

Open-set detection locates and classifies an object without explicit training for the designated
task. Itinstead relies on the input free-text queries from the annotator to find the object with a
pretrained vision language model by text-to-image detection [1]. If open-set detection offers
good object detection ability, image annotators can save a lot of human input in labelling their
image dataset.

The author carried out a trial to test the performance of open-set detection for annotating noisy,
domain-specific image datasets. A panoramic and pavement image is chosen from the A12
Mountnessing dataset. Grounding DINO [1] was first employed to detect bboxes on the image,
which would be fed to the Segment Anything Model [2] to create segmentation masks. The trial
was carried out with the notebook created by Roboflow [3] with customised adaptation.

The major customisation carried out is the input keywords and prompt. The experiment tried to
find assets from panoramic images and defects from pavement images. As for assets, the input
prompt was a list of streamlined assets from Ding’s asset tree [4]:

[ ‘barrier', 'car', 'central reserve', 'vegetation', 'signs', 'sidewalks’,
"road marking', 'light', 'others']

As for pavement defects, the input prompt was the refined list of annotation categories adopted
in the experimentation:

[ 'longitudinal crack', 'transverse crack', 'patch', 'pothole’]

Figure 1 shows the detection outcome on the pavement image. The open-set annotation setup
could not locate any defects in the image and instead outputted a mask covering the entire
lane. Despite our superior CRAAC solution, the original Mask R-CNN at least located most of
the horizontal cracks. The stark difference shows that general open-set setups fall well short of
the requirements in annotating domain-specific datasets.

o

Detection using Mask R-CNN (trained with Open-set Annotation
1614 positive images with 2335 instances)
Figure 1 Detection on a Pavement Image



When detecting more generic objects, Figure 2 shows a glimpse of reasonable performance by
open-set annotation. Several inputted words in the text prompt are objects commonly found in
generic visual datasets. As a result, the setup managed to locate a car, vegetation and a sign
from the panoramic image in Figure 2. It however remains incapable of finding more domain-
specific objects such as barriers, road markings or central reserves.

vegetation v

Figure 2 Detection on a Panoramic Image

By observing the above, at the current stage of development, it appears that open-set
annotation may perform reasonably well on generic objects. This may allow it to be employed to
prescreen assets for defect detection. The actual preparation for defect detection, however,
still requires more traditional techniques such as supervised learning with supplementary
improvements.
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Manual Image Annotation Exercise

The research team annotated and experimented with pavement images of a motorway in East
Anglia in the United Kingdom. A12 is a dual-carriageway, twin-lane trunk road connecting London
and East Anglian cities such as Chelmsford, Colchester and beyond. A12 Mountnessing is a 6.6km
section on A12in location as shown in Figure 1. The road section was built with asphalt overlain on
concrete pavement.
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Figure 1 Geographical Location of A12 Mountnessing (and A14 Tothill)

The dataset of the whole road section contains 11680 images and all were annotated at the level of
instance segmentation. The first batch of images (6580 nos.) was annotated manually by
collaborators and reviewed by the author. The second batch of images (5100 nos.) was annotated
by training the first batch in Mask R-CNN [1] and reviewing the inferred pseudo-labels. During the
annotation and review, the author noted a remarkable reduction of human input from 7.5 days per
1000 images to 2.5 hours per 1000 images. The remaining 2.5 hours per 1000 images were spent on
understanding what happened in the concerned image batch, re-annotating defects that were
omitted by the model, and changing or deleting wrong labels. The remarkable reduction of human
effort and repeated corrections on similar defects inspired the authors to conduct the current
research on improving the creation and correction of pseudo-labels.

This submission mainly focuses on advancements in techniques to improve the annotation
process. The labelled categories were first adopted from Hadjidemetriou's defect network [2]. In
this road section with asphalt overlain on concrete, longitudinal cracks, transverse cracks and
patches were the three most common pavement defects/features with unambiguous
classifications as shown in Figure 2. From discussions with practitioners, potholes were highly



concerned pavement defects in road maintenance so they were included in the experimented
dataset. To demonstrate the efficacy of image annotation techniques, the research progressed
with the four categories.

A12 Mountnessing Defect Distributions

unknown
23%
crack_transverse
22%
patch
19%
crack_longitudinal
potholes 20%
3%
= bleeding = raveling = crack_transverse crack_longitudinal
= crack_edge = crack_alligator = crack_block = potholes
= patch = unknown

Figure 2 Defect Instance Distribution of A12 Mountnessing

The author counted the number of vertices the annotator used to create the pseudo-labels of the
four categories. The box plot in Figure 3 and Table 1 show the variation and median of clicks
needed across categories. The median clicks are used to evaluate the human input required by
manual annotation and different experimental setups in Section 4.4 of the main text.

A12 Manual Annotation Click Counts
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Figure 3 The number of clicks per mask required by the human annotator, by category

Table 1 The median of mouse clicks required to generate a segmentation task by category

Category ID Name Median clicks
1 Crack_transverse 5
2 Crack_longitudinal 5
3 Potholes 6
4 Patch 7
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Abstract

Digitisation provides a promising avenue to meet new socio-economic demands in infrastructure delivery. The current
state of practice suggests that human annotators still need to participate substantially in data preparation for digitising
infrastructure, such as annotating real-life domain-specific visual datasets for road maintenance. Research in the past
focuses on predicting better labels with less human effort, leaving a gap in not maximizing the gains from the subsequent
human corrections of pseudo-labels to ground truths. The gap highlights the opportunities for a solution to mimic human
corrections by “correcting like instances alike”. We propose an extension to Mask R-CNN to tackle this gap. Our auto-
correction method harvests learnings from past corrections and automates corrections in forthcoming images. The
method first gauges the corrections made between the pseudo-labels and the final ground truth. The method then
compares the feature vectors and attribute data of a new batch of unlabelled images against past corrections. When the
deep learning model predicts similarly wrong features, the method will mimic human corrections in the past and prompt
additions, deletions or category changes. The method concludes with post-processing to eliminate unwanted predictions.
This similarity-based approach improves the precision of the testing batch by 15-70% and reduces the number of mouse
clicks by approximately 20%. The solution therefore partially automates the human review after predicting pseudo-
labels by similarity-based corrections.

Keywords: data preparation, image annotation, pseudo-labelling, automatic corrections

1 Introduction

Infrastructure provides essential services for the public. With new economic, environmental and operational goals for
the future, society calls for a step change in service delivery [1]. Digitisation is heralded as a solution to drive the step
change amid constrained resources, such as incorporating digital facilities and evidence-based decision-making [1, p.
64] to improve road services on existing road networks [2]. The process and methods of digitising infrastructure such
as road networks, however, remain unresolved. In particular, despite the amount of collected real-life data, these data
need to be prepared and annotated by significant manual input before becoming usable in digitisation. A lack of
automation in data preparation can potentially negate the benefits of digitisation and hinder the progress of improving
infrastructure services.

This research addresses the societal problem of enhancing automation in data preparation for digitising infrastructure.
The research specifically targets data annotation in the preparation pipeline, conducted from the perspective of preparing
visual datasets captured in real-life road scenes for a geometric digital twin. This study focuses on using pavement
images provided courtesy of National Highways and suppliers, in a visual dataset that comprises RGB images of
different forms and point clouds. The real-life datasets are large, noisy and domain-specific to road maintenance.

The visual dataset captured on real-life roads requires annotation, the labelling of images for training machine
learning models [3]. The author created labels in images at the level of detail of instance segmentation. For aligning the
nomenclature in this report, pseudo-labels refer to labels that are inferred directly from a deep-learning model before
manual processing. Ground truth labels are the labels after human review or labelling and confirmed as fundamental
facts. The research seeks more automation in annotation, such that it can be performed with less or no human input.

The current state of practice offers a range of techniques for annotating images with varying levels of automation
at different costs. Fully manual annotation is the traditional mode of annotation with a range of customizable tools [4]
carried out by groups of labellers [5]. Semi-automated annotations assist in the annotation process by carrying out
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inference from pre-trained models [6], [7] or auto-cropping when creating segmentation polygons [8]. Open-set
annotation emerges as an opportunity to annotate images with text prompts by making use of image-text embedding in
pre-trained foundation models [9]. Despite a plethora of annotation tools from largely automatic open-set detection to
fully manual annotation, the automated solutions demonstrated a questionable performance on large, noisy and domain-
specific datasets such as the experimented one. Resorting to fully manual annotation will cost substantial expensive
human input. Therefore, this research is confined to the scope of significantly reducing human input and improving the
efficiency of annotating a real-life visual dataset.

The contributions of the paper are summarised as follows:

1. The author develops a Mask R-CNN-based solution that enhances automation in generating image annotations
by mimicking past corrections from pseudo-labels to ground truth labels carried out by human annotators.

2. The solution explores the potential of using previous annotation corrections in deciding the action for
subsequent predictions. In particular, the solution records the predictions that went wrong and replicates the
determination and correction in subsequent predictions.

3. The solution addresses the practical inconsistency of annotation by humans and reduces repetitive corrections
that are commonly required in pseudo-labelling real-life large, noisy and domain-specific datasets.

4. The solution explores a fresh approach of using a widely used deep learning architecture in reviewing pseudo-
labels, instead of creating pseudo-labels that previous work focused on.

2 The State of Research

Various researchers attempted to automate image annotation through different fronts of improvement. The inference of
pseudo-labels can be improved by having a higher quality detection and polygons with less human input. Detection
can be enhanced through better localization [10], [11], [12] and bounding box (bbox) regression [11], [13], [14] of the
object. The detected bbox can return with a more precise segmentation mask [15], [16]. The detection and polygon
creation processes can be expedited by pre-screening the dataset [17], providing assistive inputs of bboxes [18] or anchor
points [19] and incremental updates with each human adjustment [20], [21]. More substantial ways of reducing manual
input involved semi-supervised learning [22], [23] and making use of pseudo-labels with metadata [24]. With better
training bboxes and more precise segmentation masks, the model would become less noisy, infer better pseudo-labels
and facilitate annotation.

Active learning opened an avenue to further save human input in annotation by systematically sparing the need to
review every pseudo-label. This technique selected the most informative or representative [25] pseudo-labelled instance
to query, given a small set of labelled data and abundant unlabelled data. Researchers improved the process by
considering better loss functions or terms [26], [27], [28], finding better sampling methods [29] and combining them
with semi-supervised learning [30], [31]. Various improvements in active learning enabled the most valuable images to
be sampled and reduced the reviewing effort required by human annotators.

In addition to active learning, researchers adopted other new learning methods to improve the annotation process.
Adversarial learning (or Generative Adversarial Networks) could improve or enlarge the training dataset with better
augmentation [32], [33], [34], [35]. Transfer learning could be useful in improving object detection by making use of
annotations from general assets to domain-specific assets [36], annotations across different datasets [37] and annotations
at less detailed levels [38]. Weakly supervised and self-supervised learning could be used to improve the model training
using past proposals [39] and adopting suitable augmentation for the training set [40], [41], [42], [43]. The series of
methods could use less costly ground truth annotations to make larger and better training sets and improve the quality
of training.

Vision Language Learning based on foundation models enabled image annotation through text prompts. Examples
include open-set object detection based on text-to-image embeddings [44], [45], [46], unpaired image captioning [47]
and improved masking and classification modules in a vision-language transformer [48]. The annotation process would
be significantly automated when human annotators only needed to input texts for the model to find suitable polygons
depicting objects in an image.

Reviewing past research on automating image annotation, Segment Anything from Meta Al [49] practically closed
the gap of making better polygons with less effort by allowing annotators to segment objects of any shape. Further
substantial optimisation of human intervention in image annotation would likely resort to other prominent fields, such
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as the aforementioned active learning, open-set object detection and transfer learning. While these techniques could
reduce human input in the creation of pseudo-labels, they did not directly benefit the review of pseudo-labels.

This leaves a gap in knowledge on how to maximise the gains of human intervention, especially in the review of
pseudo-labels. Apart from active learning which aimed to reduce the number of images to be reviewed or review pseudo-
labels of better quality, there was room to make the best use of the annotators’ correction on the inference outcome. The
prospect of utilising past human reviews was prominent, given owners of the datasets likely required human operators
to review the datasets before release in real-life data preparation for quality control or regulatory reasons. If having
humans read through the dataset at least once was inevitable (human-in-the-loop), there would be potential to capitalize
on past reviews of human annotators. This could be done alongside the abundance of techniques to substantially reduce
human input in pseudo-label creation.

Cascading from the knowledge gap, the research pursues the following research questions:

e How can researchers build on available techniques to improve the automation of image annotation, especially
for large domain-specific datasets captured in noisy environments?
¢ How to maximise the gain in human annotation review to increase automation and reduce human input?

3 The Automatic Correction Method

The automatic correction method captures human corrections on image pseudo-labels and makes auto changes to
forthcoming inferences. The author puts forward an algorithm that extends from an existing deep-learning architecture
to detect corrections made during human review and compares the correction precedence with the new incoming pseudo-
labels. The algorithm then prompts actions when it encounters similar instances and carries out post-processing to
remove insensible predictions. Each of the detection, comparison and action will be discussed individually.

This research is predicated on the following assumptions:

1. Annotations given to objects varied in a large, noisy real-life discipline-specific dataset. The variations could
be caused by human factors, such as inconsistent judgements by the annotator, a lack of familiarity with the
dataset (especially at the beginning of annotation) and the nondeterministic nature of deep learning models.
The variations therefore necessitated reviews on the pseudo-labels and hence the automation of such reviews.

2. The experiment assumed that similar features would appear in later batches of images and be labelled in the
same way, and the same trained model would make similar mistakes or omissions.

3. The value of this automation solution implies that manual corrections are assumed to be both non-trivial (not
for aesthetic satisfaction) and sensible (carefully considered).

The correction algorithm builds on a two-stage instance segmentation architecture Mask-R-CNN [50]. Whilst other
single-stage detectors may suit defect detection for their lean resource consumption, Mask R-CNN provides a distinctive
feature extraction backbone, region proposal network and Region-of-Interest processing module (for extracting features
from each candidate bbox). The modular architecture as illustrated in Fig. 1 allows researchers to modify parts of the
architecture to complete specific tasks without interfering other modules and therefore facilitates development. Past
experiences also showed that manual review of pseudo-labels took considerably more time than training or making
inferences with the model. From the perspective of dataset preparation, it is wise to adopt Mask R-CNN as the baseline
architecture.

3.1  Detection of Manual Corrections and Model Training

The algorithm produces pseudo-labels of the correction batch from the pretrained model and gauges the manual
corrections. Two pre-trained models generate pseudo-labels in the correction batch, which are corrected by human
annotators to form ground truths. The method then compares the pseudo-labels and ground truths to identify what has
been changed during manual correction, including deletions, additions and changes of categories. The changes are
compared based on bbox coordinates and the Intersection-over-Union (loU) between pseudo-labels and ground truth
bboxes. The algorithm gauges these manual corrections so that they can be used as templates for automating corrections
with the next testing batch of images. The algorithm then stores 1024-length feature vectors and bbox information of
the pseudo-labels and ground truths in an external memory bank.
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With details of manual corrections stored, the ground truths of the correction batch are subsequently trained and
employed to make inferences on the testing batch. The pretraining, correction and testing arrangements are summarised
in Table 1 and the composition of the dataset is analysed in Section 4. The algorithm keeps two versions of the predicted
bboxes. One version retains the best-predicted bboxes that eventually become predicted instances. Another version
keeps bboxes proposed by the region proposal network above a certain objectness logit (0.02, likelihood of having an
object inside the box) that may originally be suppressed by the non-maximum suppression threshold. The predicted
bboxes and the trained model are subsequently used to automatically correct predictions.

Table 1. The training and inference routine

Pretrained Inference and correction Testing
Pretrain set #1
(SS2 trained on SS1 pretrain)
Pretrain set #2
(6926 images)

Batch SS3 Batch SS4
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Fig. 1. An illustration of the baseline architecture and the extension (modified from [51])

3.2 Action on Similar Vectors and Post-processing

After further training with the ground truths of the correction batch, the trained model makes inferences on the testing
batch. The trained model squeezes inferred bboxes from the testing batch into 1024-length feature vectors. The
algorithm then compares the vectors against a sample or the entire memory bank created from the correction batch by
cosine similarity in Equation 1. The process of correction gauging and pseudo-label comparisons are illustrated in Fig.
2. The algorithm can thus decide whether the predicted instances in the testing batch are similar to those that were
corrected manually in the correction batch and, therefore decide whether the predicted instance should be deleted, added
or have its categories changed.
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Fig. 2. An illustration of the automatic correction method
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The algorithm calculates the cosine similarity score to decide whether a deletion, addition or category change is
appropriate. The algorithm uses a similarity threshold for each of the actions, with the higher being more similar. The
algorithm assesses similarity scores from the predicted instances for deletion and category changes, and those from the
unused proposed bboxes for additions. The threshold for addition (0.8) is more stringent than others (0.7) because the
better bbox proposals would have become predicted instances in the first place, and the remaining bboxes are likely to
be inferior. A higher threshold for additions can avoid overwhelming proposals at post-processing. The similarity scores
of feature vectors can be combined with other attribute data to decide on the appropriate correction actions.

In addition to feature similarity, the algorithm incorporates additional attribute data to determine which instances are
similar. The algorithm takes into account the dimensions (in width-to-height ratio) and the predicted category of the
pseudo-labels and compares these attribute data against those in the memory bank. The dimensions have to stay within
an empirically experimented tolerance (+0.2) to be considered similar. The algorithm takes into account attribute data
to ensure instances that appear similar in computers but different in the physical world, such as longitudinal and
transverse cracks, can be treated separately, upholding the spirit of correcting like instances alike. The use of feature
similarity with dimensions and categories allows the researched method to automatically correct testing batch
predictions by samples in the correction batch, hence automating human corrections.

After the recommended actions take place, the auto-correction method adopts post-processing to remove redundant
or insensible predictions. Some predicted masks may overlap or be duplicated like the transverse crack in Fig. 3 because
the model may have detected the same defect repeatedly on multiple copies of augmented images. Also, some
predictions may be nonsense because road defects should have a minimum physical size. The areas of the reviewed
ground truth labels are calculated by category from previous dataset preparation. The post-processing method filters off
segmentation masks that are smaller than half of the lower quartile and combines overlapping masks of the same
category. By filtering with the loU and the size of the masks, the post-processing method removes redundant and
insensible predictions and retains the final predictions.

The final predictions of this similarity-based correction are then evaluated with the ground truth of the testing batch.
The analysis proceeds with gathering metrics on the precision and recall of masks and the required number of clicks to
arrive at the final ground truth. Similar metrics are then compared with pseudo-labelling without automated corrections.
Learning points and conclusions can be drawn as part of the evaluation.
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(a) Without Post-processing (b) With Post-processing
Fig. 3. Prediction with and without post-processing

4 Experiments

4.1  Dataset Analysis

The author conducted the research with pavement images collected from A12 Mountnessing, United Kingdom and
annotated at the level of instance segmentation. The annotated dataset was divided for carrying out experiments as
described in Section 3. Two different pretrained sets were trained to compare the algorithm's performance at different
annotation stages. A batch of images was designated for corrections and another for testing.

The first pretrained set mimicked a standard annotation process that started in the order of the file names, whereas
the second pretrained set mimicked a later stage of annotation with more instances annotated. The first and second 500
images (batch SS1 and SS2) were annotated (a total of 248 positive images - images with labelled instances containing
268 instances) and selected for training. The trained model was employed to infer pseudo-labels on the third 500 images
(batch SS3) and the pseudo-labels were reviewed manually. Batch SS3 was then selected for training using parameters
from SS1 and SS2 as the pretrained model. The model trained on batch SS3 was subsequently employed to infer the
fourth 500 images (batch SS4) for testing. In contrast, the second pretrained set comprised 6926 images, of which 1556
positive images with 2443 instances. Table 2 shows the image and defect instance counts.

Table 2. Defect distribution of training and testing dataset

Batch SS1 SS2 2" train set SS3 SS4 Validation
Purpose Pretrain set #1 Pretrain set#2 e  Corrections Testing Validate all training
e Training
Nos. Images 500 500 6926 500 500 654
Nos. Images with 35 213 1556 177 320 654
annotation
Total nos. instances 47 221 2443 208 762 1260
Instance distribution
bleeding 0 0 2 0 0 3
ravelling 0 0 252 1 185 108
crack_transverse 24 12 541 46 151 270
crack_longitudinal 15 4 483 22 68 385
crack_edge 0 2 42 3 20 79
crack_alligator 0 0 12 1 0 7
crack_block 0 1 1 0 3 0
potholes 0 0 55 0 19 39
patch 0 0 571 6 181 224
unknown 8 202 484 129 135 156
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As described in Section 3, the pseudo-labels of the testing set will be compared with precedent corrections from the
correction set. There were options to compare against the memory bank of the entire correction set or a sample of it.
The author adopted the following sampling combinations to observe the impact on the performance of corrections:

e Random 20 samples

e Random 10 samples

4.2 Benchmarking metrics

The hypothesis of reducing required human effort while maintaining the quality of annotation was tested by measurable
metrics. The required human effort could be quantified by the number of mouse clicks required to convert pseudo-
labels into their final ground truth. The number of mouse clicks depended on the actions a human annotator purported
to take, as permitted in Subsection 3.2.

1. Deletion — delete the incorrectly predicted instance - 1 click (the bin button)

2. Addition — add a missing instance — 5-8 clicks, the median number of clicks required to create a segmentation
mask for each category as learned from previous manual annotations. Details are in Appendix 1.

3. Category change — put a correctly predicted instance in the right category — 2 clicks (open the dropdown list,
then choose a new category)

The quality of automation can be quantified by the average precision and average recall of the predicted pseudo-
labels against the actual ground truths. The truth or false of the predictions were determined by the Intersection over
Union (loU) of the predicted and ground truth segmentation masks, thresholded at 0.5 following conventions on object
detections. The quality of the predicted pseudo-labels will be reported in the average precision (APso) and average recall
for 100 detections per image (ARmax=100).

5 Results and Discussions

The overall results suggest that automatic corrections enhance the overall annotation quality and reduce human effort.
Table 3 and Table 4 show results on the quality and mouse clicks using the pretrained model #1 under various random
correction samples, while

Table 5 and Table 6 show results using the pretrained model #2. The Vanilla model is the original Mask-R-CNN model
trained with the same data but without auto-corrections or post-processing.

Results suggest corrections based on similarity with post-processing improve the precision of predictions and save
human annotation. Compared with the vanilla model, the algorithm boosts precision by about 50% in pretrained model
#1 (Table 3) and 15-70% in pretrained model #2 (Table 5) with different correction bank samples selected at random.
By correcting similarly wrong predictions made by the model in the past, the outcomes are likely to become more
accurate, hence boosting the precision score. On the amount of human effort, the algorithm yields an approximately
20% mouse click reduction in both pretrained models (Table 4 and Table 6), suggesting that the correction algorithm
eliminates some unwanted predictions and saves some human effort. Specific factors that bring about the improvements
are worth noting.

Table 3. Precisions and recalls of Pretrained Model #1

Metric (%) Vanilla Rand20#1 Rand20#2 Rand10#1 Rand 10 #2
Mean Avg. Precision 0.6 0.9 0.9 0.9 0.9
Change from Vanilla 50% 50% 50% 50%
Average Recall 2.2 2.1 2.0 21 2.1
Change from Vanilla -6% -10% -6% -6%
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Table 4. Mouse click counts using Pretrained Model #1

Counts Vanilla Rand20#1 Rand20#2 Rand10#1 Rand 10#2
Total mouse clicks 6436 5072 5219 5028 5028
Reduction from Vanilla 21% 19% 22% 22%

Table 5. Precisions and recalls of Pretrained Model #2 with metrics by category

Precision Recall

Categories Vanilla Rand Rand Rand Vanilla Rand Rand Rand

10 #1 10 #2 10 #3 10#1 10 #2 10 #3
Average (%) 5.3 6.1 9.0 6.5 18.8 12.8 17.4 13.6
Change from Vanilla 15% 70% 23% -32% -7% -28%
ravelling 14.7 0.1 235 3.7 37.3 0.5 37.3 7.0
crack_transverse 0.4 24 24 24 12.6 13.9 13.9 13.9
crack_longitudinal 0.1 0 0 0 2.9 0 0 0
potholes 4.4 6.6 6.6 6.6 31.6 26.3 26.3 26.3
patch 22.8 39.3 39.3 39.3 61.3 56.9 56.9 56.9

Table 6. Mouse click counts using Pretrained Model #2

Rand Rand Rand

Counts Vanilla 10 #1 10 #2 10 #3
Total mouse clicks 5727 4797 4796 4809
Reduction from Vanilla 16% 16% 16%

The size of train/pre-train set

The abundance of instances in the train/pre-train set affects the absolute performance at inference. Table 3 and
Table 5 show the average precision and recall from pretrained models #1 and #2. The absolute percentage is much better
in pretrained model #2 than in model #1, which is intuitive because model #2 is better trained with many more ground
truth instances. The abundance of correct annotations may have neutralised the sparse mistakes in the training set. The
relative improvement from the vanilla model, given the same size of the train/pre-train set, is the focus of performance
comparison.

The size and content of the comparison memory bank

Apart from the size of the training set, the size and the choice of memory bank also affect the performance. The
experiments test the performance by using i) the full memory bank, ii) 20 images from the memory bank and iii) 10
images from the memory bank. Visual inspections suggest that using all corrections for inference creates more confusion
than using a sample of data, whether 10 or 20 samples are used. For example, the inference that uses all corrections in
Fig. 4(a) eliminates the longitudinal crack that is potentially correct from the prediction as seen in Fig. 4(b). This happens
because corrections contained in a smaller sample are probably more consistent and less likely to be made due to
circumstantial situations. Another plausible reason in favour of sampling could be that the method currently takes action
even when there is only one correction that recommends an addition. These extreme predictions could be moderated by
voting methods potentially developed in the future.

Besides the sample size from the memory bank, the contents of the sample may affect the results. Between the recalls
of the random sets of pretrained model #2 in

Table 5, the recall (also the precision) on detecting “raveling” is lower in random set #1 than in #2 and #3. There
may be a sample that suppresses the detection of raveling so there are fewer predicted boxes of raveling, resulting in a
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smaller recall. Such overpowered suppression should be avoided by having decisions made with consensus in future
implementations, such as by voting or k-nearest neighbour clustering.

(a) Using all corrections (b) Using random set of 20 #1

Fig. 4. Potentially correct longitudinal crack eliminated by using all corrections

The trade-off for deletions and additions

In terms of the mouse click counts, the method favours deletion more than addition. This is predicated on the premise
that it costs less manpower to delete a redundant prediction than to find a missing defect and add it. Before
experimentation, it was first thought that human annotators preferred having more predictions for them to edit.
Reflecting on the entire annotation process, an annotator indeed takes more clicks to add a missing label than to remove
an overestimated label. In reality, however, a human annotator will be annoyed by being constantly bombarded by
bunches of nonsense. The experiment accounts for these excessive predictions by penalising them with needing more
clicks for deletion. The decision-making method on the action to take in Subsection 3.2 also makes sense in setting a
higher threshold for adding instances than deleting. This allows the method to be robust in eliminating unwanted
predictions but cautiously adding omitted instances.

6 Conclusions

This research focuses on improving image annotation to enhance the preparation of data for infrastructure digitisation.
The state of practice in image annotation exposes a lack of automation, particularly in annotating real-life domain-
specific visual datasets. The current state of research focuses more on automating the generation of pseudo-labels than
the review of pseudo-labels, including many improvements in generating pseudo-labels such as open-set detection and
various new learning methods. Apart from active learning which aims to prioritise images for humans to review, the
gap in knowledge in not fully harnessing the benefits from human correction persists.

The author put forward a method that automates the review of pseudo-labels. The method captures how human
annotators correct pseudo-labels generated from an established deep-learning model and automatically compare and
mimic such corrections for reviewing forthcoming inferences. The algorithm compares human-reviewed precedence
and new inferred pseudo-labels by comparing the cosine similarity of feature vectors and attribute data of the instances.
The method successfully increases the precision of prediction by 15-70% and reduces the number of required mouse
clicks by approximately 20%. The size of the train/pre-train dataset, the size of the comparison memory bank and trade-
offs between addition and deletion are key factors affecting the absolute performance of inference and the relative
improvements with the method. The automation of pseudo-label reviewing negates the need to carry out repeated
corrections on similarly wrong predictions, thereby harnessing the gain from human annotator corrections. The method
stems from a well-known Mask-R-CNN structure, which is well-understood by the community and can therefore
accommodate customization for their specific needs.

The author can further improve the comparison mechanism and incorporate the correction method into a unified auto-
annotation solution. The comparison mechanism can include a consensus-gathering algorithm that considers multiple
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similar feature vectors in deciding the action on newly inferred pseudo-labels. The conceptual unified solution may
include techniques to prioritise the most problematic images for training and select the most valuable images for review.
This automatic correction mechanism can then review the pseudo-labelled images yet to be reviewed.
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Appendix 1

The box plot below shows the variation of clicks needed by the human annotator to create pseudo-labels for the
pavement images in A12 Mountnessing.

- Al12 Manual Annotation Click Counts
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The number of clicks per mask required by the human annotator, by category

Category ID Name Median clicks
2 Ravelling 6
3 Crack_transverse 5
4 Crack_longitudinal 5
5 Crack_edge 8
10 Potholes 6
11 Patch 7
12 unknown 5

The median of mouse clicks required to generate a segmentation task by category
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WACYV Submission ID 225, Supplementary Material 004
Codes of the Scoring Module

In Section 3.2 of the main text, the authors proposed a parallel scoring module to
estimate the losses on the bboxes and masks of predictions. The code snippets show
the architecture of the bbox module and the mask module:

# Box scoring module
(box scorer): BoxScorePredictionLayers (

(convl): Conv2d (256, 64, kernel size=(3, 3), stride=(1, 1),
padding=(1, 1))

(relu) : ReLU()
(flattenl): Flatten(start dim=1, end dim=-1)
(flatten2): Flatten(start dim=0, end dim=-1)
(fcl) : Linear(in features=3136, out features=1, bias=True)
(fc2): Linear (in features=1280, out features=1, bias=True)
)
# Mask scoring module
(mask scorer): MaskScorePredictionLayers (

(convl): Conv2d (256, 64, kernel size=(3, 3), stride=(1, 1),
padding=(1, 1))

(conv2): Conv2d (64, 32, kernel size=(3, 3), stride=(1, 1),
padding=(1, 1))

(relu) : RelU()

(pool) : MaxPool2d(kernel size=2, stride=2, padding=0,
dilation=1, ceil mode=False)

(batchnorm) : BatchNorm2d (64, eps=le-05, momentum=0.1,
affine=True, track running stats=True)

(dropout) : Dropout (p=0.5, inplace=False)

(flattenl): Flatten(start dim=1, end dim=-1)

(flatten2): Flatten(start dim=0, end dim=-1)

(fcl): Linear(in_ features=1568, out features=1, bias=True)

(fc2): Linear(in features=128, out features=1l, bias=True)



WACV Submission ID 225, Supplementary Material 005
The Overall Code Used in Experimentation
The anonymised Github Repo is located in:

https://github.com/Anon1314567/craac-anno.git


https://github.com/Anon1314567/craac-anno.git

WACV Submission ID 225, Supplementary Material 006

Training Parameters

Table 1, Table 2 and Table 3 show the main training parameters in CRA/CRAAC, AL-only and

original Mask R-CNN training.

Table 1 Training Parameters for CRA/CRAAC Models

model_init scores_init model_cycle scores_cycle
ims_per_batch 6 2 6 2
labelled 1 1 3 1
unlabelled 5 1 3 1
base learning rate 0.001 0.00001 0.0001 0.00001
warmup_iters 200 200 200 100
num_decays 4 0 0 0
steps (1000, 2000, 3000, 4000)
gamma 0.2
max_iter 5000 5000 1500 2000
cns_beta 2 0 0.25 0

Table 2 Training Parameters for AL-only Models

model_init scores_init model_cycle scores_cycle
ims_per_batch 6 1 6 1
base learning rate 0.001 0.00001 0.0001 0.00001
warmup_iters 200 200 100 100
num_decays 4 0 0 0
steps (1000, 2000, 3000, 4000)
gamma 0.2
max_iter 5000 5000 1500 2000

Table 3 Training Parameters for the Original Mask R-CNN

model_init model_cycle
ims_per_batch 7 7
base learning rate 0.001 0.0001
warmup_iters 200 100
num_decays 4 0

steps (1000, 2000, 3000, 4000)
gamma 0.2
max_iter 5000 1500




WACYV Submission ID 225, Supplementary Material 007

Sensitivity Test on Implementing Automatic Corrections (AC)

This sensitivity test evaluates the performance of applying different combinations of the
Automatic Correction module (AC) on the Consistency Regularised Active learning pipeline
(CRA). The AC module runs on the weights from previous CNS and scoring module training (the
CRA) and does not undergo extra training. As a result, the performance with AC depends on the
performance of the base CRA model of the iteration. The AC is designed to supplement CRA in
automatically mimicking repeated manual corrections and not to substantially override the
deep learning predictions.

The AC module was tested with addition only in the main text and subsequent parametric tests.
Figure 1 shows the performance of models when deletions were enabled (sim_rm_thres = 0.7)
and disabled. The experiment with deletion performed consistently worse than the ones without
deletions. A plausible explanation is that predictions coming originally from the model tend to
be superior to instances added later. This stems from the hierarchy of the Mask R-CNN
architecture that suppressed proposal boxes are by nature inferior to the ones accepted as
predicted instances. In our algorithm, deletions (1) also cost much fewer mouse clicks than
additions (5-7). This is why the experiments encouraged the AC to add instances that were not
previously predicted, as long as the predictor did not bombard and annoy the annotator.

It was first thought that AC is best to be done with the least certain images as correction
templates because the value of the corrections was the highest. Further experiments were
conducted using different combinations for incremental training and correction templates as
shown in Table 1. Experiments showed that using the least certain images for training generally
improved the quality of the CRA model (see the crimson solid line, and dashed
line against the rest in Figure 2), especially the recall in the mid-stage of training in Figure 2(b).
For the correction templates, however, using the most certain images performed better than
using the least certain images (the dashed line surpasses the dashed line from
about 600 trained images onwards). This was likely because the least certain images were often
predicted with several instances and necessitated several major alterations. These alterations
were made based on the local circumstances (Supplementary Material 007 and Section 4.5 in
the Main Text) and often instructed to delete a prediction to add the ground truth. Such drastic
movements were often unnecessary in the majority of images and distracted the AC from being
supplementary. Therefore, for the optimal use of AC, it was recommended to adopt the least
certain images for incremental training but the most certain images with instances for
correction templates.

Table 1 Experiments for Sensitivity Tests

Colour Incremental Training Correction Templates in AC
20 most certain X
20 most certain 20 most certain
20 least certain X

20 least certain
20 least certain

20 least certain
20 most certain

20 least + 20 most certain X

20 least + 20 most certain 20 most certain
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The idea of including the most certain images was further tested by adding both the most and
least certain images in each training iteration. Results (blue vs crimson solid line) showed that
incorporating the most certain images in the training set harmed performance. Even using the
most certain images for AC (cyan dashed line in Figure 2(a) and (b)) could not rescue the loss of
performance in the CRA model training. This was probably because the more certain images
contained fewer and less significant instances, thus adding little gain to the model
performance. The models that were trained without the least certain images (green vs crimson
solid line and dashed line) also performed worse than the ones that did. This
suggested that the most certain images were not advised to be included in the incremental
training.

Overall AC smoothens the performance gain with trained images and brings a trade-off of
precision for more recall. When AC is used (dashed lines), the performance generally fluctuates
less than without (the solid lines). The attenuation may be caused by attempts to add more
instances to raise the AR, but some added instances are not in the ground truth, lowering a
spike in AP. The trade-off of the better model (Trained with 20 least certain (crimson solid) and
variants ( and dashed)) is often approximately 10%, with the more preferential
trade-offs in mid-stage training. Human effort-wise, apart from the two inferior AC models,
other AC models yield comparable mouse click savings as models without AC.

From the observations on the series of experiments above, the AC can serve as a
supplementary correction tool to the overall CRA. The AC solution works best if only the least
certain images plus other randomly picked images are chosen for training. The most certain
images can be used as correction templates for AC for a steady performance.
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Parametric Study on Extracting Instances of Desired Categories

The authors advanced two ways of applying the AL scores in Figure 3 and Equation 5 to extract
instances of scarcer categories. The first way illustrated in Section 4.5 of the main text involved
taking the most confident 20 images with a larger proportion of data distribution scores for
processing such as automatic corrections. The second way explored in this parametric study
involved altering the weighting for the category value (w,) in Equation 5 to extract more
instances of user-defined categories.

The parametric study extended from the CRA setup in Section 4.3 and Table 2 of the main text.
The study assumed that the user was more interested in “potholes” (the 3™ category), which
aligned with comments from practitioners in road maintenance. In all other experiments
including the standard CRA setup, weightings for all categories (crack_transverse,
crack_longitudinal, potholes, patch) were held constant (1). In the parametric study as
summarized in Table 1, however, potholes were preferentially selected by being given a heavier
weight of 5. While patches received a standard weight of 1, the transverse and longitudinal
cracks were given zero weight. The weights did not mean that only potholes and patches would
be extracted. They only prioritized images that were predicted to contain potholes and patches.
If the images also contained cracks, the cracks would be captured for the next iteration of
training. Allinstances would eventually be extracted and trained as shown in Figure 1.

Table 1 The testing configurations for the parametric study

Images
Most Least w, weighting for
CNS AL AC Uncertain Uncertain Random AlLeq.5
CRA (diff v % 20 20 60 [0,0,5,1]
weight)

Applying different weights to the AL algorithm significantly affects the extracted instances and
the training set composition. Figure 1 showed more instances of the desired categories were
extracted at the earlier stage of training. 72% potholes in the dataset were selected for training
at mid-stage (approx. 900 images) at 5x weighting, versus 50% at standard weighting. Fewer
transverse cracks were extracted at zero weighting condition at mid-stage as shown in Figure
1(b) (53% zero vs 60% standard). The impact of the training set composition on the model
performance at different stages of training would be explored next.

Trained Instances Trained Instances

Instances
o
3
Instances
=

h o 200 400 600 800 1000 1200 1400 1600 180C 0 200 400 600 800 1000 1200
Trained Images Trained Images

potholes patch potholes (diff weights from init patch (diff weights fram init}

(ciff k

(a) Desired categories (b) Other categories
Figure 1 Percentage of trained instances



The varying training set composition affected the prediction performance of the trained model.
As shown in Figure 2, having more potholes in the training set at the mid-stage of training (about
600-1000 trained images) improves the average recall and precision at the mid-stage. At about
900 trained images, the APso improved from 10% to 33% and ARs, surged from 11% to 42%.
Brought by this improvement, annotators also required 7-9% fewer mouse clicks to correct the
pseudo-labels to the ground truth in the early to mid-stage training (Figure 3(c)). In task-
incremental learning [1], where the training set of the same categories and context increased
with each iteration, the performance at the mid-stage improved because the model benefited
more from the latest training data with more pothole instances. The better performance in mid-
stage training meant that the predictor could be trained better to select and annotate desired
categories with fewer training images.

While prioritising a desired category buoyed the performance in the category in the early/mid-
stage of training, the overall prediction across all categories performed similarly to the CRA with
standard weighting (Figure 3). This was reasonable because when one category (potholes) was
prioritised, other categories would have fewer training instances. In the end when all instances
were trained, with a larger proportion of instances in other categories added in each iteration of
later-stage training (because potholes had already been extracted), the prediction advantage in
potholes diminished. The performance across all categories was generally unaffected as shown
in Figure 3.

In conclusion, this parametric study showed that the AL modules in Section 3.2 could be
employed to prioritise selecting desired categories by adjusting the category value weighting w..
Model performance in precision, recall and mouse clicks enhanced substantially in the desired
category with fewer training images. The performance in all categories was generally unaffected
and the strength of the desired category attenuated when all instances were trained.
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Validation Test with A14 Dataset

The CRAAC solution aimed at improving annotation in large, noisy and domain-specific
datasets. As opposed to many curated datasets that might be domain-specific, this research
particularly targeted datasets with various qualitative and quantitative noises and
inconsistencies (supplementary material 010). Different from benchmark datasets, a road can
contain, or not contain, a concerned type of crack, where the decision may be subjective to the
human labeller/reviewer. Therefore, the authors validated the performance of the CRAAC with
another equally problematic pavement dataset captured on another motorway.

The validation set comprised pavement images captured on the Tothill section of A14 in the
United Kingdom (see supplementary material 002). The A14 section had a bare concrete
surface without asphalt covers, thereby exhibiting a vastly different defect distribution. The
dataset in A14 differed from A12 as it had a dominating class bias towards patches (67%
defects vs 31%, Figure 1). The class bias restrained the data distribution in the initial training
and testing sets as shown in Table 1 and may subsequently create bias in evaluation results.

Table 1 Defect distribution of the experimental and validation sets

A12 Mountnessing (Experiment) A14 Tothill (Validation)
Batch In!t|?l Testin Remainders In!t|?l Testing Remainders
Training g Training
Images 1000 500 10181 188 214 3353
Images with 101 209 1663 82 214 1532
instances
Instances 133 419 2718 104 434 2932
Instance distribution
Crack_transverse 82 151 888 22 16 346
Crack_longitudina 45 68 889 13 99 520
l
Potholes 0 19 101 2 1 128
Patch 6 181 840 67 318 1938
A12 Defect Distribution A14 Defect Distribution
Total: 3270 11%  Total: 3470
instances instances
31%
34%
18%
4%
4‘%} 670/0
31% .
= crack_transverse crack_longitudinal = crack_transverse crack_longitudinal
potholes patch potholes patch

Figure 1 Defect distribution of experimental and validation sets, in percentages

Validation experiments were carried out with the same setup as Section 4.3 and Table 2 of the
main text. The validation experiments showed in Figure 2 that all setups reduced human effort



by 5-9% from the original Mask R-CNN, on top of a reduction of about 40% by adopting trained
models for pseudo-labelling instead of manual labelling. The average precision and recall
improved from the original Mask R-CNN by about 20% to 30%. Different from the experimental
results in Section 4.4 of the main text, the performance of all setups plateaued at the early
stage. This was likely caused by a saturation of training in the dominating category. In the same
vein, the fluctuation of performance, e.g. the recall curve of CRAAC_2, occurred when the
modelyielded a set of predictions that recovered more ground truth instances of a minor
category. Therefore, the intervention of AL, CRA and CRAAC generally returned a superior
annotation performance to the original Mask R-CNN but was hampered by the dominating
category of patches in the dataset.

Between the AL, CRA and CRAAC_2 setups, the validation sets showed a comparable
performance. This could be caused by the fact the AL model retrieved significantly more
instances of minor categories than the CRA or CRAAC_2 models (Figure 3). Note all the
validation experiments were conducted without intervening with the weights of category values
(supplementary material 008). This again highlighted the impact of the class bias on the trained
models for pseudo-labelling and image annotation.
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Qualitative and Quantitative Justification of the Noisiness

Section 4.7 of the main text described the noisiness exhibited in the experimented dataset. This
noisiness mainly comes from the variation of defects in real life, coupled with inconsistencies in
human annotation and processing. Even when we mitigated the impact of domain-specificness
by using supervised training with a labelled dataset, the noisiness of the labels in the dataset
hampers the prediction quality. It ultimately requires more human effort to convert the mistaken
predictions into usable labels.

Automatically creating datasets for pavement defect detection has been challenging due to the
noise present in pavement images. Qualitatively, apart from the inherent difficulties in detecting
dark grey cracks or potholes on a lighter grey asphalt surface, the noisiness is substantially
contributed by various human annotation inconsistencies, such as those in Figure 1. The
wiggliness of cracks and masks means that a mask that captures a wider band around a crack
will need a taller bbox, which affects the calculation of loU in detecting corrections, post-
processing and metrics evaluation. Human annotators often correct ground truths according to
localised circumstances, which should not be replicated in every situation. Sometimes
models generate several masks that combined cover the entire crack, but if they remain
fragmented despite the post-processing, the evaluation process would not count either as a
correct prediction as a result of strict loU implementation. The noisiness of annotation opens
the avenue to find more powerful methods to prepare these domain-specific datasets but it
equally restraints the performance of any trained models.

Common causes Wiggly cracks Circumstantial Sectional
of noisiness (and masks) Changes Masks

Pseudo-labels

Ground Truths

Figure 1 Illustrations of Noise in Image Annotation

In addition to qualitative observations, we also attempt to quantify the noisiness of the dataset
by the silhouette score [1]. The score is usually employed to assess the clustering outcome of k-
means clustering but we repurpose it here to show the inconsistency of labels. Given the
ground truth and the categories that are deemed to be correct, we target to find how sparse the
instances are within the same category versus between categories. Each instance is



characterized as a data point clustered with its category. The silhouette score (S) calculates the
difference between the distance of the data point to the cluster centre (a) and the distance
between two cluster centres (b).

b—a

Silhouette Score S = m

The score should stay within 0 to 1, with 1 meaning the best clustering, or in pavement image
annotation, all defects appear the same and distinct from defects of another category. Negative
scores mean that the data point is likely to be allocated to the wrong cluster, or in this
experiment, the concerned defect is more similar to other categories of defects than its own
category. The sparser instances are within the same category relative to between categories, the
lower the silhouette score becomes. It then shows more variation in a category and more
noisiness embedded in the dataset.

To calculate the silhouette scores for each instance, we first compressed each instance of the
ground truth of the testing set into 1024-length embeddings with one of the models. Each
embedding is treated as a data point belonging to its category and has its silhouette score
calculated in Figure 2(a). We found the average silhouette score for all categories to be 0.146,
which is much worse than a good clustering threshold of 0.5 [2] or the silhouette score in
common datasets such as the Iris or the S-1 dataset [3]. The embeddings are further reduced by
t-SNE and clustered by their category into a 2D space for visualisation in Figure 2(b). The intra-
category variation is huge relative to the inter-category differences. Some instances may
overlap with another category, such as data points of patches overlain on potholes, which
makes sense because these two defects sometimes look alike.
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Figure 2 Representation of the Scatteredness of the Ground Truth

In summary, real-life domain-specific datasets such as the one experimented with are often
very noisy and difficult to train well, as demonstrated qualitatively and quantitatively. The
noisiness restrains the absolute precision and recall scores that can be achieved by these
supervised learning implementations.
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