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Machine vision based waterlogged area detection for gravel road condition 
monitoring
Michael Starke a and Chris Geigerb

aSchool of Agricultural, Forest and Food Sciences (HAFL), Bern University of Applied Sciences, Zollikofen, Switzerland; bInstitute of Mobile Machines 
(Mobima), Karlsruhe Institute of Technology, Karlsruhe, Germany

ABSTRACT
When assessing forest road conditions, information about waterlogged areas on gravel roads brings high 
practical value when used as an indicator for road wear. Around these perimeters, lowered binding forces 
of the construction material reduce the stability of the road, which induces accelerated road damage. 
When a road is actively used to access a logging site under humid weather or thawing conditions, road 
wear can build up fast and make further use of the road critical. In this study, a deep learning algorithm 
was trained to test the detection of a combined observation of waterlogged appearances on forest roads 
from video and image data, collected from a passing vehicle’s perspective. The training of a YOLO v5s 
model achieved an F1-score of 0.59 and shows the applicability of this approach with high confidence of 
detection. Evaluating further training characteristics such as precision, recall, and the object size-related 
detection confidence reveals challenges for a successful application in terms of undetected objects, 
variation of objects in the training step, the required amount of training data and the object distance 
focused.
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Introduction

Forest road maintenance is important to protect the initial 
investment of road construction (Fannin and Lorbach 2007; 
Begus and Pertlik 2017). Respective concepts of maintenance 
are designed to fit the trade-offs between road condition qual-
ity to maintain, and restraints given (Dodson 2021). An eva-
luation of the current state of the road condition is necessary to 
support decisions about a restoration or maintenance action 
needed. One aspect that is frequently used to describe the road 
wear condition status in practical maintenance guidelines is the 
visual assessment of functioning water drainage. This can be 
divided into erosion causing moving water and waterlogged 
situations like potholes, ruts and closed culverts (Napper 2008; 
Begus and Pertlik 2017). The detection of early stages of these 
disturbances are of particular interest. As different damage 
expressions originate either from aggregate loss, the deforma-
tion of the pavement structure or as a consequence of directly 
disturbed water drainage (Heinimann H-R. cop 1998), a joint 
observation of all wear signs is difficult. With the appearance of 
accumulating water on the road surface at a later point of road 
wear, a common denominator starts building up that can be 
observed under wet weather or thaw conditions for the men-
tioned cases.

Visible aggregated and ponding water is thus a fundamental 
characteristic of a progressed stage of wear but can also appear 
quickly under working conditions. The combination of heavy 
traffic and high water content in the road structure can cause 
fast road deformation due to the potentially lowered pavement 

bearing capacity or elastic module of the constructional parts 
of the road (Vuorimies et al. 2015; Akgul et al. 2019; Yurtseven 
et al. 2019). Even though it should be actively avoided to work 
under these scenarios (Vuorimies et al. 2015; Holzleitner et al. 
2020), alternative planning is expected to become increasingly 
difficult in the course of climate change (Daniel et al. 2018). 
Continuous identification of disturbed areas as soon as they 
appear can thus be valuable additional information for decision 
support, especially when high traffic is expected and road 
functionality must be guaranteed.

To collect continuous information about the road quality 
with high temporal resolution, the use of timber trucks (Brown 
et al. 2003) or equipped forestry vehicles (Starke et al. 2021) 
already exist as solutions. Vehicles, however, must be equipped 
with additional and specific hardware to collect data for later 
interpretation. With cameras that are commonly available, like 
the ones used in smartphones or dashcams, the question is 
whether applied machine vision-based detection of clustered 
road damage as waterlogged areas could directly provide the 
information needed. On the basis of this, especially for critical 
times of timber logging and transport, early action can be taken 
to ensure the functionality of the affected road network.

To test this idea, multiple successful approaches and role 
models in optical road damage detection have been presented 
in the Global Road Damage Detection Challenge 2020 (Arya 
et al. 2020) and as well as in further studies (Chen et al. 2019; 
Chun and Ryu 2019). One solution, presented by Jeong (2020) 
showed results in an above average accuracy in a training setup, 
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using the YOLO v5 network. As this network already showed 
high capabilities in other applications (Fang et al. 2021; 
Mathew and Mahesh 2021), it can be used to test a road 
condition monitoring under forest and gravel road conditions 
for waterlogged area detection. However, a direct adaption of 
the existing trained weights cannot be made, as the labels 
within the training data are created to identify typical damage 
and surrounding conditions of sealed road surfaces as found 
on highways or in cities (Arya et al. 2020).

In the following study, a neural network was trained to 
evaluate a machine-vision based approach of detecting the 
object of clustered waterlogged areas on forest roads from 
a vehicle’s perspective. The specific aims are to show the 
basic feasibility of this approach based on object classification 
and to assess output behavior of the recognition based on the 
recording angle of the image.

Materials and methods

For this study, an image database was generated that con-
tains different variations of waterlogged areas over six 
months of data collection. The images were manually 
labeled for waterlogged areas and the YOLO v5 framework 
was used to train the data. The training results as well as 
selected network characteristics are presented, and the net-
work applied on a test dataset to analyze and discuss the 
application value of this approach.

The data was collected from March 15 to September 19, 
2021 predominantly in the region of Bern, Switzerland (46° 
57′ 22.280″ N, 7° 24′ 44.961″ E, 47° 00′ 14.853″ N, 7° 28′ 
33.629″ E). The image database contains multiple expres-
sions of waterlogged areas that had been mentioned in 
different chapters within the United Nations maintenance 
guidelines (Begus and Pertlik 2017) and consist of water-
logged potholes, ruts, larger areas of water ponding as well 
as visible water of surface runoff. The images represent the 
angled view, recorded from inside a passing vehicle (2% 
directly originated from a car driver’s view) and 
a pedestrian’s view in moving direction without limitations 
of view by the window or bonnet of the car.

Ninety-eight percent of the images and videos were cap-
tured with a HUAWEI P8 lite smartphone (image resolution: 
3968 × 2976 px, video resolution: 1920 × 1080 px, 25 fps) and 
a Panasonic Lumix DMC-TZ31 digital camera (image resolu-
tion: 4320 × 3240 px and 3968 × 2976 px, video resolution: 
1280 × 720 px, 30.2 fps). Forty-five percent of the collected data 
were frames extracted from video streams in a resolution of 
12.5% of the original framerate to minimize object appearance 
redundancy. For the labeling step, the images were uniformly 
resized to 30% of their native resolution to fit a maximum 
resolution of 1920 × 1080 px. The remaining resolution of 
the training data was chosen to guarantee a later change of 
the image resolution applied to train the network to find an 
optimal balance between processed frame rate and image 
quality.

The different waterlogging expressions were labeled after 
the criteria of water visibility. Water runoff was thereby mostly 
skipped, as no clear water areas could be visually separated 
within the image. Larger water ponding areas that were sepa-
rated by small intersections of dry areas were partially labeled 
as a single object and partially as separate objects to cover both 
appearances (Figure 1).

The validation data, using 14% of the image database, was 
actively selected to avoid video streams and minimize the risk 
of self-validation because of similar object appearances 
between the frames. A variation between different light scenar-
ios as diffuse light conditions, strongly interfering light spots 
on the road surface, different locations and varying waterlog-
ging scenarios were kept in the training data to support the 
accuracy determined for a wider variation of applied sceneries.

The training then proceeded on a YOLO v5s pretrained 
checkpoint, implemented within the ultralytics repository in 
software version v4.0–126-g886f1c0, provided under general 
public license v. 3.0 (Jocher et al. 2021). The provided s- model 
promises a quickly achievable high accuracy with high detec-
tion frequencies possible, that was observed in former devel-
opments (Wang and He 2021) and thus offers a potentially 
good starting point for testing. The training preferences of the 
YOLO environment were set to a 416-pixel resolution to sup-
port high framerate applications with low processing power 
requirements, batch sizes of 16 images for each iteration and 
a training duration over 300 epochs, to identify the endpoint of 
a successful training effect. The network was trained on 
a CORE i5-3320 M CPU (2.6 GHz) and 8 GB RAM, without 
CUDA supported hardware.

The training results of the network were further dis-
cussed on the basis of the logged training and validation 
statistics. At the time of the study, YOLO v5 was missing 
a separate documentation of metric calculations provided 
by the software. As the used YOLO version is an adaptation 
of earlier steps of developments, prior documentation of 
Redmon and Farhadi (2016) for YOLO v2 and the overview 
of definitions given by Padilla et al. (2021) were taken as 
references to compare metrics that are used to describe 
algorithm implementations.

In detail, the precision (Equation 1), recall (Equation 2) and 
the F1-score (Equation 3) that is related to a specific confidence 
threshold (Padilla et al. 2021) were used to point out filter 
possibilities on the results to achieve higher precision of labels 
generated. 

Precision ¼
True Positive

True Positiveþ False Positive
(1) 

Recall ¼
True Positive

True Positiveþ False Negative
(2) 

F1 ¼ 2 �
Precision � Recall
Precisionþ Recall

(3) 
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Furthermore, the mean average precision (mAP@0.5) for 
basic comparison with other YOLO v5 results, as well as 
the training and validation objectness loss (Redmon and 
Farhadi 2016) were considered to evaluate the training 
effect (Table 1).

After the training and validation step, to test the detection 
characteristics that were based on the recording angle and so 
the position of the detected objects in the image, the algorithm 
was again applied on the validation dataset as well as five 
independently recorded video clips in 416 px and 928 px 
resolution containing additional 1991 and 1563 generated 
labels, respectively, with a detection confidence of 0.4 and 
higher. In this evaluation, the confidence score of all labels 
generated was correlated with the position of the label in the 
image and the detected label size to identify both the object and 
detection properties. For this, the Pearson’s product-moment 
correlation test in the statistics software R (R Development 
Core Team 2022) was applied.

Figure 1. Different variations of labeled waterlogged areas with (a) potholes, (b) ruts with clear separation, (c) barely visible surface runoff and (d) large-dimensioned 
ponding of a closed culvert.

Table 1. Training data characteristics.

Data source
Number of images (training + 

validation)

Image database 679 + 109
Frames labeled from video 

recordings
352

Number of non-labeled images 133 + 20
Number of labels 1486 + 233
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Results

The trained network reached a best mAP@0.5 of 0.549 
(Figure 2). The stagnation of inclination of the mAP develop-
ment implies that the end of the training effect is reached 
within the number of training epochs.

The precision of the network showed a maximum value of 
0.86 at epoch 213 and a maximum recall of 0.579 at epoch 288. 
At epoch 26, an indentation within the accuracy development 
appears that needs further attention to consider potential over-
fitting of the network (Figure 3).

The validation objectness loss shows a high variation over 
all training periods that is also visible in the development of the 
precision value. Considering the overfitting assumption, found 
at epoch 26, the objectness behavior of training and validation 
is compared. Thereby, the objectness loss of the training data 
decreases together with the validation objectness loss as 
expected common training effect but turns around at epoch Figure 2. Development of the mean average precision of the network (mAP@0.5).

Figure 3. Visualization of the training documentation with (a) precision and (b) recall development of the network and (c) training and (d) validation 
objectness loss over time.
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100. At this point, the variation of object appearance in the 
training data was reached and the error of the validation starts 
rising, as the model was likely overfitted.

The F1-score which allows an evaluation of the model over 
confidence scores reached the highest value of 0.59 with 
a confidence of 0.10. On higher confidences exceeding 0.8 as 
a confidence threshold, a lower F1-score shows limitations of 
the network because of possible low detection rates left 
(Figure 4).

In addition to the model characteristics, the objects that are 
detected are further characterized after their appearance within 
their image position as well as the detection confidence over 
the appearance. Thereby the mean position of labels annotated 
on the training data was found at relative 3.6% of the image 
height (median: 2.6%) below the horizontal image centerline. 
In combination with the image division expected from 
a recording angle outside a car, the main visibility of the object 
is thus limited, as the upper half of the recording only remains 
visible (Figure 5).

In cases where the confidence of detection is connected 
with the appearance of objects and labels within the image, 
limitations of application could exist. In this context, 
a positive correlation was found between the label size 
and the confidence of detection for the 416 px resolution 
used for detection testing (Table 2). As a negative correla-
tion between label size and position on the y-axis exists, the 
problem could be caused by the objects becoming smaller 

Figure 4. F1-score of the trained network (software output, changed).

Figure 5. Label size and y-position of the normalized label center of the training-data (n = 1486) and related image recording example from a car’s mounting point with 
the reduced windows of road visibility below the image centerline.

Table 2. Pearson correlation coefficient (PCC) between object position and object size and confidence of detection.

Label characteristic and dependencies

Val. data 
Annotated 

(PCC)

Val. data 
Net results 

(416 px, PCC)

Test data 
Net results 

(416 px, PCC)

Test data 
Net results 

(928 px, PCC)

Label size and confidence – 0.35 (p < .001) 0.24 (p < .001) 0.02 (p = .329)
Label position on x-axis and confidence – −0.04 (p = .593) 0.02 (p = .419) 0.09 (p < .001)
Label position on y-axis and confidence – −0.54 (p < .001) −0.19 (p < .001) 0.00 (p = .964)
Label size and position on y-axis −0.43 (p < .001) −0.46 (p < .001) −0.52 (p < .001) −0.38 (p < .001)
Label height and position on y-axis −0.60 (p < .001) −0.63 (p < .001) −0.62 (p < .001) −0.42 (p < .001)
Label width and position on y-axis −0.57 (p < .001) −0.60 (p < .001) −0.55 (p < .001) −0.46 (p < .001)
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with increasing distance. With a 928 px resolution used for 
detection on the same test data, this correlation of confi-
dence of detection and size disappears, but the correlation 
of label size and its position of the newly detected labels on 
the y-axis remains valid.

Discussion

The YOLO v5s model was successfully trained on the objects 
defined with the training data collected and the image resolu-
tion selected. For only one object class needed, the reached 
mAP@0.5 of 0.549 and the F1-score of 0.59 can be seen as 
a satisfying result and is comparable with other networks pre-
sented for road damage detection but based on four separate 
damage classes (Arya et al. 2020). Several further network 
characteristics, however, must be considered in order to iden-
tify the application value. Supported by a high precision neces-
sary to avoid false positive labels in application, the trained 
weights show a low rate of false positive detections and are thus 
a good precondition for this machine vision-based monitoring 
concept. However, the midranged recall values and implied 
high rates of missing detections have, , a negative influence 
on the network quality. According to prior studies, a high 
frame rate could be the crucial factor for implementation 
(Jeong 2020), which is limited in this case due to the low recall 
value. The trade-off between reduced image size and thus 
performance of the trained network did not reach the expected 
results of the network, as its prediction quality still produces 
a recognizable quantity of false positive detections that need to 
be filtered out in field use and so additionally influences the 
detection rate negatively when filtering the detection 
confidence.

Reasons for the limited model quality cannot be clearly 
identified and can have different origins. The visible distur-
bance of the training progress supports one origin. This beha-
vior could be caused by the heterogeneous object appearance 
that is potentially amplified by the waterlogged object cluster-
ing. Also, the further rise of the objectness loss at a later point 
of the training additionally shows a problem when the training 
data capabilities are reached. A larger database of training data 
should therefore better consider the created large variety of 
object appearances. In comparison to the training data col-
lected, an image database of 10,000 images containing 15,000 
labels was trained with higher success for sealed road surface 
conditions (Chen et al. 2019) and thus shows the value that 
needs to be aimed for to achieve the best results.

But in applying the model, some limitations show up. 
Objects that are positioned in the lower half of the image 
and are thus recorded in a steep angle in the direction of 
view to the road surface, tended to show a higher confi-
dence score in recognition for lower image resolutions used 
for detection. A camera or smartphone mounted in a truck 
or generally at a higher level mounting point on a vehicle 
would be favorable when applying the network in the tested 
image resolution of application. As the applied resolution 

on the model is very low since it was aimed for the highest 
frame rates possible, the objects simply disappear when 
they become smaller. As the problem of decreasing confi-
dences of far distanced objects, however, also disappears 
with the higher resolution applied, a possible retraining of 
the network on higher resolution should be considered to 
open a larger variety of application scenarios and to over-
come visibility issues of the recording angle and distance.

Conclusions

The training of the YOLO v5s model on clustered waterlogged 
areas was demonstrated as feasible with a comparable mAP and 
F1-score reached for other known road damage monitoring appli-
cations. The approach of combining water ponding areas as forest- 
typical damage appearance and simplifying the number of classes 
of damage appearance to one class is one reason for this good 
rating, but raised issues in the object appearance variety. To 
improve the quality of the network that nevertheless showed limits 
in aspects of recognition rate, the training data should better cover 
the so-induced large variety of object appearance types. The trade- 
off between image resolution and detection rate proved difficult as 
the confidence of detection drops for far distanced objects at 416 
px resolution. This could be avoided when focusing on a steep- 
angled view of a truck-mounted surveillance system to focus on 
near objects, but an additional retraining of the network, at higher 
resolution and on more training data, to better identify far dis-
tanced objects, would create additional value for field use.

Yet the presented network in its current version can be 
used to locate waterlogged areas and to document their 
appearance in the presented accuracy. In further studies, 
this stand-alone information concept should be integrated 
in a new, or existing road maintenance concept. For the next 
step, the decision to integrate the system in a hardware 
concept is necessary to collect long-term field data, observing 
road wear and waterlogged attributes over time. Possibilities 
are to run the network on smartphones, to create a stand- 
alone optical monitoring system or to combine it with alter-
native information sources like 3D-point cloud information. 
Thereby, the joined use of sensors in one local system, or the 
virtual combination of information from different origins at 
a later point could be aimed. The creation of a structural 
digital twin of a forest road could thereby help to address the 
information to different road elements like the carriageway, 
embankments, or the drainage system, so that it can be 
assessed separately or in combination.
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