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Abstract—This paper is related to the H2020 RAPID project,
focusing on the AI automated monitoring of critical port
infrastructure such as concrete structure. An important objective
in RAPID was to translate a technical expertise of labelling cracks
into a UAYV real-time embedded solution based on deep neural
networks. The efficiency of a deep learning algorithm is highly
dependent on the data used for training, and this paper illustrates
the fact that the use of open-source data is not sufficient. An
intensive collaboration between neural network and industry
experts made it possible to obtain a relevant data set of sufficient
size to carry out quality training. This collaborative work also
allowed the definition of ground truths, necessary for the
validation of the detection system. In this paper, we provide a
definition of the useful metrics and objectives for the algorithms
in accordance with the complexity of the cracks and their
environment, used to identify the best neural network in terms of
efficiency, and performance to embed it on a UAV. Our research
then focused on the hardware platform that could be used as an
onboard computer for the drone, considering Size, Weight and
Power (SWaP) constraints. We applied optimization methods to
reduce the latency of our models while maintaining high accuracy.
These techniques allowed us achieve a state-of-the-art detection
rate while complying with the real-time requirements of the
overall system, and the need to increase productivity of mission
inspections in a port environment through high-speed inferences.

Keywords — Crack Detection, Embedded, Artificial Intelligence,
Deep Learning, Port Infrastructure Inspection.

I. INTRODUCTION

Ports are the nerve center of the global transport system
linking land, water and sea and are critical infrastructure for
maintaining supply chains across all industries. In order to
ensure their proper functioning, it is necessary to set up a
structural failure warning system, which includes the detection
of cracks and the temporal change in their morphology. The aim
of such a system is to minimize the disruption and downtime of
supply chains, but also to save lives by preventing major
disasters such as bridge collapses like those in Genoa, Italy, or
more recently in Morbi, India.
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The RAPID project proposes to enable real-time crack
detection based on Deep Learning and a UAS-based system.
RAPID ensures infrastructure monitoring of hard-to-reach
assets without risk to human safety, without increasing
logistical costs and eliminated disruptions to traffic typically
seen in other approaches such as the use of scaffolding or cherry
pickers. The RAPID approach maintains the human at the
centre of the decision-making process: to ensure maximum
safety, if the algorithm has any doubts about the presence of a
crack, it is up to an expert to decide and make the final decision.
However, human input dependence is kept to a minimum,
which significantly increases the productivity of inspection
missions, and will be reduced gradually, as each human
decision will be incorporated into the learning base to improve
the process over time.

Furthermore, the use of automation and digitization allows
for the possibility of coupling it with other complementary
functionalities such as photogrammetry. The latter makes it
possible to reconstruct the detected cracks in 3D and display
them in virtual reality - providing the expert with additional
information - as well as automatic monitoring of the size of the
cracks. In order to detect an increase in their size: a sign of
structural deterioration that must be dealt with quickly.

Our work takes place in this complex context, which
requires certain optimizations in order to propose a crack
detection system with an accuracy superior to the state of the
art, while respecting SWaP (Size, Weight and Power) criteria,
allowing it to be embedded, on a drone while maintaining a high
degree of autonomy.

II. NECESSARY AND ESSENTIAL FIRST STEPS

The solution is focused on the use of deep learning. For
efficient training and accurate prediction, the training dataset is
a key component of any neural network-based application
design. This dataset conditions the effective performance of
such an algorithm. It is therefore possible, with the same



algorithm, to obtain very good or very bad results, depending
only on the quality of the dataset.

A. Task decision

Deep neural networks are used across many industry sectors
and appear to be well suited to the needs of the project, based on
imagery. There are three main tasks in deep learning computer
vision: classification, object detection and semantic
segmentation [1]. We have already found solutions in the State-
of-the-art [2] which achieve high level of accuracy for crack
detection and have been able to test each task with open-source
crack data [3]. It turned out that real cases applications were very
different from the available open-source data, making it almost
impossible to detect cracks in an environment such as the port
of Hamburg. Figure 1 depicts how real cases images are
different from the open-source ones.

Figure 1: open-source crack image (left), actual lock image

(right).

It was then necessary to design a best suited dataset, with
joint efforts from the Hamburg Port Authority (HPA). Our
objective was to replicate professional knowledge, so HPA’s
expertise was a key component for data creation.

After considering the technical needs of the other
stakeholders in the RAPID project, we decided that object
detection was the proper task to use. Actually, classification
would have required highly zoomed images to be selective
enough. Semantic segmentation, on its side, was not a realistic
solution. Labelling semantic masks would have been too
expensive in terms of computing power. In addition,
segmentation provides more information than what was
required for the project. As we only wanted to know the
locations of the cracks, we did not need the exact shape of the
cracks.

B. Dataset acquisition and collaboration with Hamburg Port
Authority

HPA acquired thousands of images of the surface of a quay
wall with a high-resolution camera in March 2021. We selected
only a part of these images to be used for our dataset, with the
objective to reduce overlap as much as possible and avoid
overfitting of the model. Later on, we managed to acquire more
data, which adds up to a dataset of 726 images with 4311
annotated instances of cracks.

In order to be able to perform an efficient training for the
neural networks, at least 1500 instances of cracks are necessary.
Moreover, at least 500 images per class are required to avoid
overfitting. In our case, we succeeded to fulfil these needs.

C. Labelling tools and annotation standardisation

When dealing with an object detection problem, the labels
are called bounding boxes. Their standard format is defined by
the COCO guidelines [4].

The labelling of the 726 images was a collaborative work
between THALES and HPA. Having the expertise from the
algorithmic point of view, THALES had a better idea of what
was needed as labels for a neural network. On the other side,
HPA being the expert in terms of structural cracks, their
experience was necessary to identify the cracks on the wall. We
used the open-source tool labellmg [5] to produce the required
bounding boxes.

A first training with these data showed that the outputs were
incorrect and presented a lot of overlap between the predicted
boxes, because the first annotations had bounding boxes that
were too small. This point illustrates the need for high quality
training data. We worked to adapt the annotations in a
collaborative way, thus making them optimized for the neural
network training.

III. ALGORITHM SELECTION

Once the annotated dataset was completed and data
structure in place, then we moved towards model selection. We
identified several algorithms for use which were suited to the
RAPID requirements. Using the candidate models and prepared
dataset, we trained a number of smart algorithms and tested
them with specific metrics functions. Then we applied
optimization methods to reduce the inference time, making it
possible to embed the algorithms on a low-power hardware
platform.

A. Candidate Algorithms

As we focused on object detection, we decided to benchmark
the most widely used models for embedded detection You Only
Look Once (YOLO) algorithms, namely: YOLOv4 [6],
YOLOVS, YOLOV6 [7] and YOLOV7 [8].

The architecture of these models is on the same structure:
they are composed of a backbone, a neck and a head.

Backbone Feature Pyramid

Head YOLO loss.

Figure 2: YOLOV4 architecture.

The backbone is the “body” of the network, which will allow
all the decisions taken by it. To simplify, it can be seen as a
“converter” that converts the input image, an as-is data format
difficult to process by Al, into a set of information that
characterizes its content called “features” ( such as the presence



of shapes, colours, textures, ...) from which it is easy to
recognize objects. It is thus composed of a series of successive
layers, and extracts feature maps, i.e. maps indicating which
features are present at which locations in the image. The role of
the “neck” is to extract the relevant features from all the layers
of the backbone, and to combine them into features useful for
our detection task. Finally, the “head” is responsible for the final
decision of the network. Based on the information provided by
the neck, it decides where the elements to be detected are, by
drawing bounding boxes around them, and what they are, by
giving the nature of the object present in each bounding box.

The difference between the various versions of the YOLO
algorithm can be subtle. YOLOv4 was the state-of-the-art of
object detection back in 2020 at the beginning of the project.
YOLOVS is an improved version of YOLOv4. Indeed, these
models rely on anchor boxes to predict the bounding boxes size,
the ratio of these anchor boxes is defined prior to the training
step. YOLOVS is provided with a genetic algorithm to compute
the best anchor boxes ratio to fit the training dataset. Therefore,
YOLOVS5 tends to converge to higher accuracies than YOLOv4.
YOLOV6 appeared at the beginning of 2022 with a quantization
aware training friendly implementation, making it a good choice
for real-time embedding problems. Finally, YOLOvV7 paper was
published in July 2022. It has two major architectural reforms:
the integration of an Extended Efficient Layer Aggregation
Network and a Model Scaling for Concatenation-based Models.

These algorithms come with different characteristics as
reported by Table 1. The difference between all these models is
the amount of convolution layers in the head and the backbone,
jointly with the input size and kernel size of each layer. The 2D
convolution computational complexity is O (n*). Consequently,
increasing the hyper-parameters of each convolution layer
results in an increase for parameters and the number of floating
point operations (Flops).

We therefore dispose of several algorithms offering a trade-
off between accuracy and computing cost that we can evaluate.

COCO mAP Flops Params

Models (%) (G) ™)
YOLOV4 tiny 322 6.9 6.1
YOLOV4 csp 50.0 120.0 60.0
YOLOv4-P5 51.6 157.2 78.2
YOLOv4-P6 54.0 282.5 140.6
YOLOvV5Sn 28.0 4.2 1.8
YOLOVSs 374 15.8 7.0
YOLOvSm 45.4 47.9 20.8
YOLOVSI 49.0 107.8 46.1
YOLOVvSx 50.7 204.0 86.2
YOLOv6n 37.5 11.1 43
YOLOVv6s 45.0 44.2 17.2
YOLOv7 514 103.2 36.5
YOLOv7x 53.1 188.0 70.9

Table 1: Benchmarked algorithms.

B. Selection method and criteria

In order to define the ability of an object detection algorithm
to detect the cracks properly, we need to evaluate them on

several metrics. These metrics relies on the components of the
confusion matrix: True Positives (TP), False Positives (FP),
True Negatives (TN) and False Negatives (FN).

1) Recall

The recall defines the preferred metric so that an algorithm
does not miss the detection of a crack.

TP
Recall = ——
TP+FN

(M

A recall with a value of one means that the neural network
does not emit any false negatives, as shows the equation (2).

2

This metric is the most important one. Indeed, Thales and
HPA agreed to state the fact that it is worse to miss a crack than
to detect one when there is none.

. TP
lim —— =
FN—-0 TP+FN

2) Precision

The precision defines how well an algorithm's predictions
are actual cracks. A precision of one means that an algorithm
does not emit false positives.

P TP
Precision = —— (3)
TP+FP

3) Intersection over Union

Traditionally, this parameter is set to a certain threshold for
the whole training of a model. If a prediction has an Intersection
over Union (IoU) higher than the mentioned threshold, we
consider the prediction effective and we can allocate a class to
the predicted box. In object detection, this metric tells if a box

is properly placed.

10U =

Figure 3: Intersection over Union.

4) mean Average Precision

If we refer to the MS COCO dataset [4] made up of 80
classes, the mAP is the average of the accuracies observed for
these 80 classes. In the RAPID case study, there is only have
one class; the mAP is therefore equal to the AP of the “crack”
class.

We can retain two different types of mAP. The mAP at 0.5
and the mAP at 0.5:0.95. The first one considers a predicted box
as effective if the IoU is equal or higher than 0.5 and the second
one considers bounding boxes that bear an IoU included
between 0.5 and 0.95. The second case helps us to avoid
overfitting. Indeed, if a lot of the IoU are over 0.95 the mAP



score will be low. These two mAP are the standard usual
metrics in detection neural networks.

5) Precision-Recall curve

A precision-recall curve [9] (or PR Curve) is a plot of the
precision (y-axis) and the recall (x-axis) for different
probability thresholds. A model with perfect skill will be
depicted as a point at a coordinate of (1,1), a skilful model will
be represented by a curve that bows towards a coordinate of
(1,1) and a no-skill classifier will be a horizontal line on the plot
with a precision that is proportional to the number of positive
examples in the dataset. For a balanced dataset, this will be 0.5.
The focus of the PR curve on the minority class makes it an
effective diagnostic for imbalanced binary -classification
models.

C. Training strategy

In this part, we describe all the necessary hyper-parameters
used for the training step.

The selected models are batch-size agnostic, indeed what
matters is the amount of epochs for the training. This means that
if we train the algorithm long enough, it will eventually
converge to the same level of precision, regardless of the batch
size.

An object detection algorithm needs two losses functions.
The IoU loss function is the Complete IoU (CloU) Loss [10],
this loss function uses three geometric factors. Firstly, the
overlap area between the predicted box and the ground truth
bounding box-IOU loss. Then, the central point between the
predicted box and the ground truth bounding box-DIoU loss.
Finally, an aspect ratio of the predicted box and the ground truth
box. While the class loss function, is the Cross Entropy Loss
[11]. Since we used only one class, the class loss function was
not relevant.

We trained each model for 300 epochs. The best fit were
chosen from the lowest validation loss during the training. In
order to shorten the training when it was necessary, we also used
an early stopping [12]. It implied that if the model had not
improved for 100 epochs, the training stopped.

We used a Stochastic Gradient Descent (SGD) [13]
optimizer. When training a model for a large amount of epoch,
the SGD optimizer turns out to perform better than the Adam
optimizer does [14]. This behaviour was also verified through
experiments.

The data augmentation techniques used with these
algorithms were the following: hue, saturation and value
augmentation, rotation, translation, rescaling, shear, perspective,
flip-up/down, flip-left/right, mosaic, mixup and copy paste
augmentation. Once again, this augmentation pipeline made our
models more robust [15].

Each one of these models were pre-trained on the COCO
dataset. This method has been proven to allow the neural
network to converge faster rather than training from random

value weights [16]. We previously mentioned that a model
trained on the open-source crack data does not detect any crack
on the real use-case data. Therefore, there is no need to pre-train
our algorithms on this specific dataset.

D. Results and selection of best candidates

After each training, it was possible to establish the
following results:

mAP Recall Flops Params

Models ) () © (™
YOLOv4 tiny  53.8 51.9 6.9 6.1
YOLOv4 csp  88.8 88.4 120.0 60.0
YOLOv4-P5  91.0 89.4 157.2 78.2
YOLOv4-P6  92.0 90.4 282.5 140.6
YOLOV5n 94.0 90.6 42 1.8
YOLOVS5s 94.9 94.1 15.8 7.0
YOLOV5m 96.6 96.1 47.9 20.8
YOLOVS5I 97.0 96.6 107.8 46.1
YOLOV5x 97.8 95.7 204.0 86.2
YOLOV6n 82.9 80.0 11.1 43
YOLOVG6s 88.2 87.5 442 17.2
YOLOV? 94.5 94.1 103.2 36.5
YOLOV7x 93.9 92.3 188.0 70.9

Table 2: Benchmarked models after training on our data.

We can notice that the YOLOvVS algorithms succeed to
converge to high accuracies and interesting recall average
values. They have many alternatives and present interesting
trade-offs between the accuracy, the training time and the
inference time. YOLOV5 outperform YOLOv4 due to the
anchor boxes genetic algorithm.

The YOLOv7 algorithms also reach high accuracies. We will
keep these two series of models for the embedding part of this
project.

Here are the training curves of YOLOV7 as an example:

train/box_loss metrics/precision metrics/recall
1.0

0.10

0.8 0.8
0.08
0.6 0.6
0.06
0.4 0.4
0.04
0.2 0.2
0.02
0.0 0.0
o 250 500 (o] 250 500 o 250 500
val/box_loss metrics/mAP_0.5 metrics/mAP_0.5:0.95
0.10
0.8 0.5
0.08
9:6 0.4
0.06
0.4
0.2
0.04 0.2
0.02 0.0 0.0
o 250 500 o 250 00 o 250 00

Figure 4: YOLOV7 training curves.

Here, on Figure 5, we can have an example of the PR
curve for YOLOvV7. As we can observe, the curve tends to the
(1,1) coordinate. This means that we can qualify this model as



skilful and produce a very little share of false positives and
false negatives.

1.0

0.8

Precision
o
EY

o
IS

0.2

0.0
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 5: Precision-Recall curve of YOLOV?7.

Our results with most of the algorithms reached a higher
accuracy than the state-of-the-art [2]. The data remains a
decisive point to design a more robust algorithm. As our object
detection algorithms has trained on 726 images, they might be
sensitive to a more varied environment. It is through iterative
training throughout the use of the whole system that these
algorithms will tend to be more robust and accurate.

E. Real-time optimization on hardware platforms

Now that we have a performing solution, we need to embed
it on a hardware target. Through this section, we will see what
we can do to reduce the computing load of these models.

1) Hardware platforms

For the RAPID project, we explored the NVIDIA hardware
platforms suite. Indeed, as the other partners are using the
NVIDIA boards, we wanted to satisfy the consortium and
propose a technical solution that could be compatible with the
other partner’s technical solutions. We also tested the Hailo8
chip, which happens to be a promising solution. With an
architecture that takes advantage of the core properties of neural
networks, this neural chip allows edge devices to run deep
learning applications at full scale with efficiency and
sustainability while significantly lowering costs.

Table 3 presents the main characteristics of these platforms:
trillions of operations per seconds (TOPS), bandwidth and
Thermal Design Power (TDP).

Platforms TOPS Bandwidth (GB/s) TDP (W)
Xavier NX 21 59.7 20
Xavier AGX 32 136.5 50
Orin AGX 275 275 60
Hailo8 26 - 8.65

Table 3: Studied platforms specifications.

2) Optimization methods

With these selected boards to embed our neural networks,
we needed to apply optimization methods to make them more
efficient by reducing both the inference latency and the power

consumption. We also studied the effect of these methods on
the accuracy.

a) Floating point 16 half precision conversion

The default precision of a neural network’s weights is
floating point 32. Converting the weights of the model to
floating point 16 precision have been proven to be an efficient
way of reducing the computational cost of an algorithm without
a significant deterioration of accuracy [17].

b) Post Training Quantization

The post training quantization (PTQ) [18] consists in
converting the fp32 weights of the model in int8 precision. This
optimization method happens after the training of the model.
Post Training Quantization computes a scale after the network
has been trained. A representative dataset is used to capture the
distribution of activations for each activation tensor, then this
distribution data is used to compute the scale value for each
tensor. Each weight's distribution is used to compute the weight
scale.

The quantization scheme for the weights is as follow: First,
we defined the scale s:

g = max(abs(Xmin),abs(Xmax)) @)
127

Where xmin and xmax were the floating points minimum and

maximum values for the weight tensor. Then we quantized each
weights value, where x was the floating-point weight value:

Xq = roundWithTiesToEven(clip(%, -128,127)) (5)

¢) Quantization Aware Training

Quantization Aware Training (QAT) [18] aims at
computing scale factors during training. Once the network is
fully trained, Quantize (Q) and Dequantize (DQ) nodes are
inserted into the graph following a specific set of rules. The
network is then further trained for few epochs in a process
called Fine-Tuning. Q/DQ nodes simulate quantization loss and
add it to the training loss during fine-tuning, making the
network more resilient to quantization. In other words, QAT is
able to better preserve accuracy when compared to PTQ [18].

d) Hailo dedicated optimization methods

Along with its chip, Hailo offers a dedicated optimization.
We can leverage through two parameters: a compression level
and an optimization level.

The compression within the Hailo framework corresponds
to a quantization of the model in int8 and int4 precision. The
level of compression will dictate what share of the model’s
weights are quantized in int4 precision. The higher the
compression level, the faster the inference will be. However, a
high compression level tends to reduce the accuracy. The
standard compression level is 60% of the weights quantized in
int8 precision, while 40% are quantized in int4 precision.

To counter-effect the decrease in accuracy of the
compression, Hailo also offers an optimization level. In the
same spirit as the compression, we can use different level of
optimization. These levels make use of several optimization
techniques: Equalization [19], Iterative bias correction (IBC)



[20], Fine-tuning with 4 epochs, Adaround [21] with 320
epochs on int4 layers (level 3) and finally, Adaround with 320
epochs on all layers (level 4).

Level 0 Level 1 Level 2 Level 3 Level 4
Equalization v N4 N4 v N4
IBC v
Fine-tuning N4
Adaround v v

Table 4: Optimization levels of the Hailo framework.

e) Results

From an implementation point of view, the model deployed
on NVIDIA platforms and the Hailo chip needed to be
implemented respectively with the TensorRT and the HailoRT
framework. Then, the next step of our study was to apply every
optimization method to the embedded algorithms, and measure
their accuracies, latency and power consumption on each
hardware platform.

We can monitor the power modes of every NVIDIA
platform. A power mode defines the maximum power
consumption and the amount of cpu cores used by the device.

When it comes to high-consuming platforms, a low power
mode will limit the device’s performances. In our use-case, we
wanted to compare them under the same conditions. Therefore,
all these devices were set to a common power mode: 15W — 4
cores.

Table 4 shows the results of the benchmark of each
embedded model on the Jetson NVIDIA Xavier NX. As we can
see, this board has a low power consumption. The inference
speed remains sufficiently high to assess real-time challenges.
Then, we have lead the same benchmark on the NVIDIA Xavier
AGX board (Table 5). As this is a more powerful board than
the Xavier NX is, the inference latencies are reduced. However,
the power consumption is also significantly higher. This will be
a concern in a production context. Finally, to conclude the
benchmarks on the NVIDIA platforms, Table 6 shows the
SWaP constraints on the Orin AGX set to 15W and four cores.
Even though the Orin AGX is the most powerful platform of
this benchmark, the inferences are not as fast as they are on the
Xavier AGX. The chosen power mode is too restrictive for such
a device. In fact, the Orin AGX needs more power to be
exploited at its full potential, as the GPU is very limited in this
mode and preponderant in terms of computing time.

fp32 fp16 int8
Models MAP (%) L?Iflrs‘)cy Power (W)  mAP (%) L?Lelrsl)cy Power (W)  mAP (%) L?Iflrs‘)cy Power (W)
YOLOV5n 94.0 35.7 4.6 93.6 17.8 44 9223 14.1 4.0
YOLOVSs 949 37.1 5.6 94.4 219 4.6 9.1 14.7 4.1
YOLOVSm 96.6 73.0 6.8 963 243 53 94.6 15.1 438
YOLOVSI 97.0 1339 7.7 973 39.9 5.7 94.8 232 5.1
YOLOV5x 97.8 240.3 8.8 97.7 717 6.5 92.4 389 5.9
YOLOV7 94.5 12822 7.4 95.0 382 55 86.4 22 49
YOLOV7x 93.9 215 8.1 93.8 66.1 6.0 39.5 359 54
Table 5: Results of deployment on NVIDIA Xavier NX.
fp32 fp16 int8
Models mAP (%) L‘E:fl‘;)cy Power (W) mAP (%) L?IEIS‘)CY Power (W) mAP (%) L‘E:fl‘;)cy Power (W)
YOLOvSn 94.0 473 55 91.6 7.0 113 90.3 5.5 10.2
YOLOVSs 94.9 42.5 6.2 91.9 1.7 12.9 89.7 7.8 1.6
YOLOvSm 96.6 85.6 6.9 953 27.2 13.6 93.6 16.9 12.2
YOLOVSI 97.0 153.5 7.2 95.6 44.4 13.9 929 25.8 12.5
YOLOV5x 97.8 2833 8.3 95.6 875 14.4 90.8 475 13.0
YOLOvV? 94.5 913 6.5 923 442 14.1 83.9 269 12.9
YOLOV7x 93.9 135.7 7.0 91.7 77.6 13.8 38.6 44.7 12.6
Table 6: Results of deployment on NVIDIA Xavier AGX.
fp32 fp16 int8
Models mAP (%) L?Iflrs‘)cy Power (W)  mAP (%) L?Lelrsl)cy Power (W)  mAP (%) L?Iflrs‘)cy Power (W)
YOLOV5n 94.0 262 8.9 91.8 7.9 114 91.0 72 10.7
YOLOVSs 949 403 9.3 91.9 13.7 12.1 912 94 1.1
YOLOvSm 96.6 83.2 9.5 953 327 12.5 93.8 203 1.6
YOLOVSI 97.0 1320 10.1 95.6 52.8 13.2 93.4 29.9 11.7
YOLOVSx 97.8 249.9 10.8 95.8 90.7 13.0 913 5322 12.2
YOLOV7 94.5 116.0 9.6 923 463 13.2 90.5 316 11.9
YOLOV7x 93.9 179.5 10.1 91.9 83.6 13.1 553 50.2 11.9

Table 7: Results of deployment on NVIDIA Orin AGX.



We also tested a few YOLOvVS algorithms on the Hailo8
chip (Table 7). The results shows that the power consumption
is very low, allowing this chip to be easily embeddable, without
imposing too long inference times. In fact, 37.4 milliseconds
remains a real-time application. Finally, the optimization steps
suggested by the Hailo documentation offer very few
decreasing in accuracies.

RTX3090 Hailo8
Optimization level 2,
fp32 Compression of 60%
Models int§ and 40% int4
mAP Latency mAP Latency Power

(%) (ms) (%)  (ms) (W)

YOLOVS5s 94.9 7.3 93.8 10.9 1.7
YOLOvVSm  96.6 9.8 94.5 19.1 2.1
YOLOVSI 97.0 11.7 95.0 37.4 2.2

Table 8: Results of deployment on the Hailo8 chip.

F. Expert in the loop. continuous improvement

The final point of the design of the embedded neural
network is that it needs to be trained regularly, since the cracks
in the dataset change through time. They do not look the same
considering the weather, the lightning, the water level and they
may structurally change over time. We can state that inferring
a known crack several years after the initial training is the same
as inferring an unknown image.

4 |

Figure 6: Comparison of the same area taken the 03/17/2021
(left) and the 09/30/2022 (right).

In order to continuously improve the algorithm and reduce
the False Negative rate while maintaining maximum efficiency,
we save the inferred image for an offline inspection every time
the confidence level of a prediction is under a certain threshold.
We also save the inferred image if no cracks are detected at all.
Thus, a technical expert can process the saved images to make
sure the predictions are correct, but limited to those cases that
will be reduced as the database grows. Once these annotations
are corrected, a script can be called to re-train the model with
these new data - if necessary.

IV. DRONE INTEGRATION

Once the neural networks are embedded on a hardware
target, the last step is to deploy the technical solution on the
UAV. The considered onboard computer is the NVIDIA Jetson
Xavier NX, selected through SWAP analysis. In fact, it has a
lower power consumption than the other NVIDIA platforms
and fits the consortium needs.

To do so, we used the standard tool to integrate technical
solutions to a robot: Robot Operating System (ROS). DJI also
developed an onboard software development kit (OSDK) in

order to easily integrate to the drone and use the various
available communication channels. The OSDK provides two
tools in order to communicate with the drone: the rosservices,
which allows us to control the drone, and the rostopics, which
allows us to get and provide information to the drone.

Our goal is to capture three images of a given area of the
quay wall with the drone’s payload, then use the neural network
to predict the crack locations and feed them to the ROS system
along with the GPS position and gimbal angle. This set of data
and the live video stream are subsequently read by another ROS
node and relayed to the consortium’s web-based traffic
management system, the Service Layer [22], whenever internet
connection is available. In this way, other partners in the
RAPID project can keep track the exact location of the cracks
and even adapt the mission on the fly to include a more
thorough scan in a particular area of interest. Figure 7, here
under, shows a sample of the drone inspection for crack
detection: the drone reaches points 1, 2, 3 and 4 and makes
inferences of the respective areas.

Figure 7: Drone inspection for crack detection.

Thanks to the low latency of our onboard solution, the time
taken for the drone to move through its points of passage
completely masks the inference time: the detection of cracks is
therefore done in real time without impacting on the duration of
the inspection mission.

V. CONCLUSION

Through this paper, we focused on embedded crack
detection via deep neural networks and produced a
methodology that can translate a technical expertise into an
automated solution. The most important point was to reach a
very low False Negative rate; this goal is reached through a high
Recall. We succeed to obtain higher accuracies than the state-
of-the-art [2] while using fewer resources from a data aspect.
Finally, due to its energy efficiency, we have succeeded in
embedding this system in an environment with large SWaP
constraints (UAV), while allowing real-time inference.

We thus propose a complete framework for embedded crack
detection, from data acquisition to UAV deployment. As a
solution of the RAPID project, the YOLOvS5x algorithm in fp16
precision with the Xavier NX is the best candidate, as it offers
the same detection rate as the full accuracy model and its
inference time is low enough for our application while
consuming very little energy.

Figure 8 represents an example of the system output with
our embedded neural network.
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Figure 8: Inferred image of the lock wall.

The future prospects of this study is to aim for more
efficient platforms than the NVIDIA solution, so that this
solution can move beyond the POC stage and be ported to a
production context. The Hailo8 chip paves the way for such a
roadmap.
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