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Abstract

An image detector using YOLOV4 algorithm (us-
ing darknet framework) is trained to detect in-
stream large wood in the river. The model is
trained with augmented pictures and tested with
normal pictures.

1. Introduction

Trough landslide and mass movements, the catchment
forest provide large wood (LW) to the river; LW is defined
as wood component surpassing 1 m of length and 10 cm of
diameter (Ruiz- Villanueva et al., 2018).

The fluvial dynamics of LW are multiple: formation of
steps, development of dams, protection of banks and
creation of islands (Baillie, 2011). These geomorphic
processes reduce flow erosivity by increasing hydraulic
resistance (Abernethy et al., 1997) and reducing flow
velocity compared to non-wooded stream (Elosegi et al.,
2016). Furthermore, the reductions of flow velocity and
transport capacity, increase sediment deposition (Wohl and
Scott, 2016).

The LW plays also a key role in ecology by increasing
diversity of invertebrate communities (Pilotto et al, 2014),
increasing diversity and size of fishes (Nagayama and
Nagano, 2012; Wats et al., 2018), and providing favorable
habitats for the establishments of trout (Wats et al., 2018).
In agreement with Pettit and Naiman (2005), instream wood
is cornerstone in the resilience and recovery of the fluvial
ecosystem in response of a disturbance.

Nevertheless, instream wood during a flood event can
causes several damages to infrastructures close to river like
bridges, roads, and buildings (Lassettre and Kondolf, 2012;
Ruiz-Villanueva et al., 2018). This latter hazardousness
caused by river has prompted historical removal of
accumulation of wood (Wohl, 2014).

Therefore, it is important to quantify the presence of
wood in a stream to understand the river health and haz-
ardousness. Manually quantify wood can result in a difficult
task, especially outside office hour. But this task can be
operated automatically trough a machine learning algorithm.

The aim of this work is to develop a code able to

detect LW in a river using a YOLOV4 algorithm imple-
mented trough a darknet framework. YOLO (You Only
Look Once) is a fully conventional network (FCN) used
in the field of image detection that only looks once at the
image compared convolutional neural network (CNN).
CNN need to be run many times, is slower and less efficient
compared to a FCN as YOLO (Géron, 2019). Darknet is
an open source framework that allows to run YOLO image
detection written in C and CUDA (Reddy et al., 2021). The
code is written on Google Colab with a Jupyter notebook
that uses python language. The link to the code is provided
at the end of the report.
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Figure 1. Augmented dataset used for training and “normal”
dataset used for testing.

2. Dataset

The river acquisitions were taken with smartphones
installed at the edge of the stream or over the bridge. The
smartphones took a video during which wood was manually
thrown upstream the river to be captured from the camera.
This operation was necessary since instream LW was not
present during the days of the recordings. The videos were
framed to obtain a dataset of thousands of pictures.

The first step to train a YOLO object detector is to
manually label images with an annotation tool. This latter
operation was done with LabelIMG which allows the user
to draw a rectangle over a figure’s object and save the
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coordinates of the labelling in a .txt file with the same name
as the picture.

The datasets of pictures that will be used for testing are
augmented to avoid over fitting: the images are shifted,
rotated and their lightning are changed to force the model
to be more tolerant (Figure 1).

3. Methodology

First, the GPU (Graphics Processing Unit) is enabled to
allow graphical computations to run faster. The darknet is
cloned in the repository from AlexeyAB’s repository and
the makefile are changed to GPU and OPENCYV enabled.
CUDA compiler driver then is verified. The darknet can
now be built. The pre-trained weights for YOLOV4 learned
from MS COCO dateset which have been trained up to 137
convulutional layers are downloaded.

The file necessary to run the training are uploaded in
Google Drive in a .zip file. Colab is connected to Drive and
the dataset is unzipped and uploaded to the cloud.

At first it was attempted to train the image detection
with two datasets of 2000 augmented pictures and test it for
1 dataset of 2000 pictures. But this attempt failed since the
computational time estimated was more than 20 hours and
Google Colab kick out an user after 12 hours. In addition
to that, Google Colab blocks access of GPU to users that
surpassed the 12 hours. Because of these limitations 12
augmented pictures of two different datasets were used for
training and 4 images of one dataset were used for testing.
This latter operation took 5 hours.

IoU threshold = 50 %, used Area-Under-Curve for each unique Recall

mean average precision (mAP@@.50) = 0.808824, or 80.88 %

Figure 2. Mean average precision (maP) used to evaluate the object
detection model.

4. Results and discussion

The intersection over union (IoU) is defined as the ratio of
the area of intersection and area of union of the predicted
bounding box and ground truth bounding box (labeled
objects in the test dataset)(Redmon et al., 2016).

The precision is the ratio between the true positives and
the total number of the objects retrieved (true positives +
false positives). The mean average precision (mAP) is the
integral over the precision (Hendry and Chen, 2019).

According to Redmon et al. (2016) a correct classification,
a true positive, is determined at IoU > 0.5. The mAP at
ioU thresold = 50 % is thus the precision of the correct

classifications of the model. Figure 2 shows the mean
average precision of the model calculated at IoU threshold
0.5 equal to 80.88%, which is a decent result.

Figure 3 displays the results of the image detector run on
two different pictures of the same river. In Figure 3a. the
trained model detected the log, but it did not predicted
bounding box did not covered well all the length of the log,
indeed the precision is only at 0.37. The model detected
well the length of the log in Figure 3b., in fact the precision
is 0.93. But the model did not detected a second smaller log
in figure 3b.

The model can detect instream LW, but it is far from being a
complete image detector. The main limitation of this project
is the few images chosen to train the image detector. It
would have been more relevant to have thousand of pictures
to train the model. This problem would have probably been
solved by choosing a simpler algorithm. Indeed YOLOV4
is used in elaborate detection like videos.

A non-technical limitation of this project is due to the man-
ual thrown of logs into the river. In fact, the presence of
the wood is usually related to storms, events when trees
and wood are thrown into the stream by wind. The flow
during a storm is not clear as in Figure 3, but muddy and full
of sediments which can make it difficult for the algorithm
to recognize logs. For this reason, it is important to train
and test datasets of instream large wood during storm event,
since these events are responsible of flood.

5. Conclusion

We trained an a image detector using YOLOV4 algorithm
under darknet framework to recognize LW into the river.
The model can detect instream large wood, but it is far from
being able to recognize wood on real conditions. It would
have been interesting to run the model on video to see if
the model can track the log as it moves. In the perspective
of natural hazards, it would be pertinent to train a model
able to measure the length and width of large woods and to
identify them (giving an number to each LW detected).

Log Detection Code

The Github link to the script coded to run the training and
the log detection using Google Colaboratory.

The files used for the training are available in the
following Google drive folder.


https://github.com/AlexeyAB/darknet
https://github.com/Aldo-Fornari/2022_ML_Earth_Env_Sci/blob/main/ML_Project.ipynb
https://drive.google.com/drive/folders/11bUskT975gM1bGql7B-9dWRPiOuaBOnX?usp=sharing
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Figure 3. Results of running the object detection with a dataset that
was not used for training and testing with tresh flag around the
object indicating the accuray of the detection(a) Custom detector
for one log (b) Custom detector for two logs.



