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ABSTRACT Detecting and measuring objects with vision-based systems in uncontrolled environments is
a difficult task that today, thanks to the development of increasingly advanced artificial intelligence-based
techniques, can be solved with greater ease. In this context, this article proposes a novel approach for the
vision-based measurement of objects in uncontrolled environments using a specific type of convolutional
neural network (CNN) named you only look once (YOLO) and a direct linear transformation (DLT)
process. The case study concerned designing a novel vision-based system for measuring the diameter of
wood logs cut and loaded onto trucks. This problem has been occurring in the Swedish forestry industry.
In fact, this operation is not carried out with computer vision algorithms because of the high variability
of environmental conditions caused by the changing position of the sun, weather conditions, and the
variability of truck positioning. To solve this problem, the YOLO network is proposed to locate logs
while attempting to maintain a high Intersection over Union (IoU) value for the correct estimation of
log size. Furthermore, in order to obtain accurate measurements, the DLT is used to convert into world
coordinates the dimensions of the logs themselves. The proposed CNN-based solution is described after
briefly introducing today’s methodologies adopted for wood bundle analysis. Particular attention is paid
to both the training and the calibration steps. Results report that for 80% of cases, the error reported has
been smaller than 4 cm, representing only 8% of the measurement, considering a mean log diameter for
the application of 50 cm.

INDEX TERMS Convolutional neural networks (CNNs), forest industry, novel measurement application,
smart industry, you only look once (YOLO).

I. INTRODUCTION

SEVERAL businesses deal with applications on a regular
basis where measuring processes might represent a high

expenditure, either in terms of money or infrastructure costs.
This can be because the parameters to be measured may be
complex or have correlations that are difficult to discern and
analyze. One of these businesses is the Swedish forest indus-
try. In fact, in this industry sector every year, hundreds of
trucks transport wood logs from harvesters to industries for
secondary processing. So, measurements of the raw material
are necessary to both decide the process destination (paper
production, furniture construction, or others) and to set the
selling price.

The sale of wood and its price is subject to a quality
assessment. These assessments are regulated by the “Quality
Rules” defined in the official documentation [1]. The rules
mainly concern the volume of the load to be sold, the
species of the individual logs in the load, the amount of
rot, and especially the diameter of the individual logs, also
because too large logs may be incompatible with the operat-
ing ranges of papermaking machinery, tables, furniture, and
other processes to which these logs may be subjected.
In the recent past, operators had to manually assess the

volume, species, rot level, and any log with a diameter
greater than a certain threshold, reported in Table 1, to evalu-
ate any operations carried out on the load before its departure
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TABLE 1. Size limits of logs, under bark.

and estimate the future selling price. The operation is today
still human-made but through remote visual inspection.
With the manual assessment, the estimation’s goodness

depends on the image quality, the operator’s experience,
and the bundle’s specific characteristics, such as the space
between the logs, their shape, and the angle at which the
photo was taken. These issues require highly skilled oper-
ators and represent a significant cost to the companies
operating in the sector.
In order to automate the mentioned measurement pro-

cess, the authors, in collaboration with the Swedish company
Biometria [2], [3], responsible for forestry measures in
Sweden, studied the possibility of assessing the size of a tim-
ber bundle transported by truck and also had the possibility
of classifying individual logs according to quality [4].

A. LITERATURE REVIEW
The log identification techniques available in the literature,
which is an essential step for subsequent measurement,
are based on traditional computer vision and artificial
intelligence techniques.
For example, the commercialized product “Logmeter,”

presented in [5], is a system for log volume estimation
based on five fundamental steps. The first step concerns
the truck’s arrival at the site, which is identified through an
RFID system. Then, the images are captured. The whole pro-
cess takes less than 30 s. Next, the speed and load profile are
estimated using various sensors, and data is captured simul-
taneously using three HD IP Cameras, 11 Laser Scanners,
and four LED Floodlights.
After scanning the entire load, the system removes,

through a segmentation process, unwanted elements, such as
the truck, wheels, cab, drawbars, and platform. The length,
diameter, volumes, curvatures, and stacking of the various
logs in the bundle are then calculated. The entire solid vol-
ume is recreated by identifying the characteristics of each
external log.
The approach of this commercial system is primarily

devoted to general purpose, as it is programmed more to
segment and then calculate the volume of the log load from
the shape of the truck trailer. It is, therefore, unable to
identify individual logs and measure some of their char-
acteristics as diameter. Another limitation of the approach
is the cost and footprint of the hardware. In fact, it requires
all the sensors mentioned above, mounted on a gantry under
which the truck with the log load must pass. This causes
problems at the logistic level, as the instrumentation must
be mounted in often remote areas and at the cost of the
necessary equipment.

Other solutions did not realize a complete system but
presented some phases of the measurement procedure of
interest.
As for camera-based measurements, there are two types

of approaches in the literature: 1) those based on a single
camera and 2) those based on a stereo camera.
In the stereoscopic case, used for acquisition and mea-

surement in three dimensions, the methods are based on
the calibration of the camera with two checkerboard tar-
get objects of known dimensions [6], [7], [8]. On the other
hand, the single-camera approach, which is more similar
to the problem at hand, finds several solutions in the lit-
erature. One of these is based on Zhang’s algorithm [9],
which can also correct lens distortions thanks to the sepa-
rate estimation of the intrinsic and extrinsic parameters of
the camera. However, this approach requires multiple shots
of the calibration checkerboard target from different angles
and distances; this was not possible in this application due to
the camera’s fixed position. In addition, this algorithm alone
does not convert pixel coordinates to world coordinates.
The other approach is based on the direct linear trans-
form (DLT) and the homographic projection and has been
employed and characterized in the past for industrial applica-
tions [10], [11], [12]. Another approach used in the literature
does not use the DLT but a sheet of paper side by side
with the log to calibrate the system. The proposed approach
does not measure cut logs but the diameter of live trees
and does not have the robustness of a deep learning-based
algorithm [13], [14].
Other algorithms aim only at segmenting the visible logs in

an image. For example, in [15], an algorithm for the detection
of log edge, based on a combination of the histogram of
oriented gradients (HOGs) and local binary patterns (LBPs),
is proposed.
The first step merges the two sets of initial detections

(HOG and LBP) and applies the Gaussian mixture model to
represent the resulting color distribution. This result is then
used as a model for calculating the probability map, pixel by
pixel, for whether the objects belong to the background or
the foreground. Then, the combination of the HOG and LBP
algorithm is applied again. This process is then repeated over
15 times.
An Alternative algorithm in the literature is based on a

combination of HOG and random forest decision algorithm
and can find log edges in bundle images taken from the
rear [16], [17]. This method shows better results than the
previous one because it uses a machine learning technique, the
random forest, instead of simple computer vision techniques.
These methods, primarily based on nonintelligent algo-

rithms, do not require significant computational power to
identify logs but are less robust. There is still a dependence
on environmental, weather, and lighting conditions. Also, the
positioning of the camera can strongly influence the results.
A similar problem regarding cell segmentation has been

solved with a generalized framework [18] based on iterative
erosion and image segmentation. It can distinguish the
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background and the foreground (represented by the cells),
counting them and creating precise masks based on edge
detection.
Another category of systems developed to analyze logs

more robustly involves artificial intelligence algorithms.
These methods [19] have also been reviewed and

employed for defect detection and segmentation in wood
parts and even wood types. Here, the authors concluded
that different data sources must be combined to increase the
performance of all the machine learning algorithms, particu-
larly the convolutional neural networks (CNNs, multimodal
deep learning).
To summarize, computer vision algorithms are mainly

used for these types of industrial applications in the lit-
erature, especially in applications of indirect vision-based
measurements; these techniques have been around for a long
time and have been applied extensively in the industrial envi-
ronment on production lines but have weaknesses related to
their reliance on camera positioning and scene lighting [20],
[21], [22], [23].
On the other hand, deep learning can completely change

the underlying paradigm of vision-based measurement
systems. For the segmentation and classification of objects,
CNNs are going to be the best choice for researchers in
this field. CNNs are artificial feedforward neural networks
inspired by the visual cortex of the animal world. Neurons act
as local filters on space and help to identify strong spatial
correlations in images. The brain then uses these correla-
tions to classify objects and scenes [24], [25], [26]. These
approaches are becoming possible thanks to the huge amount
of data collected using the increased computational and stor-
age capacity and due to the development of distributed intelli-
gent sensor networks, which have been crucial to overcome
the past limits of deep learning approaches. For example,
computer vision uses CNNs for object recognition, clas-
sification, and nonoverlapping instance segmentation [27].
However, research related to this type of application has yet
to be found in the literature, particularly using only surveil-
lance camera images with quality unsuitable for traditional
computer vision in environments with uncontrollable light-
ing and positioning. Therefore, the type of application can
be considered novel.

B. SYSTEM PROPOSAL
Considering the techniques presented, it was decided to
design a novel vision-based system for a novel application:
the measurement of the diameter of wood logs using non-
stereoscopic images. The operation of the proposed system
is structured in two steps: the first consists of an object
detection and segmentation algorithm designed specifically
for the object of interest to be extracted and measured, and
the second of converting pixel measurements to real mea-
surements. The second phase is highly mature, robust, and
reliable nowadays, to the point that it is used without prob-
lems in industrial environments for different purposes, such
as quality assessment.

The object detection task has been possible thanks to the
measurements provided by harvesters and the company at
different times: these enabled the creation of a new object
detection dataset, with the object being the individual cut
logs loaded on trucks’ trailers for transportation. The dataset
was created solely with images from surveillance cameras
at the cutting locations.
To summarize, this article presents an innovative applica-

tion for a vision-based measurement system tasked to detect
individual logs in a bundle and measure their diameter to
check their compliance with the quality rules for sale. More
in detail, the contributions of this article are the following.

1) Innovative Application: A vision-based measurement
system aimed at improving robustness in automatically
detecting the object of interest in a highly noisy back-
ground characterized by uncontrolled illumination.

2) Development of a novel and extensive dataset for the
identification of logs cut and loaded onto trucks in
industrial environments.

3) Optimization of the you only look once (YOLO)
network based on the case study in order to achieve the
best possible detection of each log, aiming to minimize
measurement error.

4) Conversion of pixel dimensions to meters for each log
using reference targets already in the scene and defined
by law.

5) Evaluation of the performance of the proposed system
by comparison with other traditional methods based on
edge detection algorithms employed in the literature.

This article is structured as follows. The first part will
describe the dataset’s creation and the YOLO network’s train-
ing activity. The contactless measurement system will be
described in the second part, and its performance in assess-
ing the diameter of trunks from the inference results will be
compared with classical computer vision algorithms.

II. THEORETICAL BACKGROUND
State-of-the-art did not present answers that completely solve
the object of this article: a methodology for the automatic
detection of the object and its measurement, such as the case
under study. Indeed, some of these need to be more robust
for the application, requiring expensive architecture.
The proposed methodology consists of three steps: 1) the

first involves log detection using the neural network YOLO;
2) the second involves DLT calibration; and 3) the third
consists in measuring the detected logs. More in detail, the
operating framework can be summarized as follows: the
image acquired by the security camera in the log cutting
and loading area is sent to the neural network. The latter
uses the previously trained model to perform an inference
that results in both the number of logs detected in the scene
and their position and size in terms of pixels. Then the
operator selects specific points whose position in terms of
real measurements (centimeters) is known to perform a DLT
process to retrieve the detected log’s diameter.
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A. NEURAL NETWORKS CHOICE
CNNs were chosen for object detection; the advantage of this
approach is that it does not require any traditional segmen-
tation algorithm, whose performance is significantly worse
in changing environmental conditions and the noisy, not uni-
form background, like the condition of the analyzer scenario.
In particular, YOLOv4 architecture has been used since it
outperforms concerning other objects detection networks,
such as R-FCN, SSD, RetinaNet, and DSSD, both in infer-
ence time and in terms of mAP (these are, respectively, better
than 100 ms on average and 5%, considering a reference
Intersection over Union (IoU) equal to 0.5 [28], [29]).
YOLO network detects specific objects in an image as

quickly as possible. This network has become the standard
for object detection applications both for its speed of infer-
ence and high performance in terms of IoU, precision, and
recall. Furthermore, the number of true positives, true nega-
tives, false positives, and false negatives are also monitored
to evaluate the goodness of the results. YOLO has also
demonstrated great robustness to varying scaling of image
compression [30].
Other problems that worsen the object detection

performance are overfitting and underfitting, each due to
an inadequate dataset or training or network configurations
unsuitable for the dataset itself.

B. DATASET FUNDAMENTALS
The critical aspect of deep neural networks is the dataset.
This must be as representative as possible of the objects to be
classified to obtain a correct and free prediction from false
detections. The dataset of an object detection network such
as YOLO is very articulated as it must provide a classifica-
tion for the object found and contain information relative to
the position and size of the bounding boxes of object detec-
tion on the test images. For example, the Microsoft COCO
(Common Objects in Context) dataset contains 91 cate-
gories of ordinary objects, with 2 500 000 labeled instances
in 328 000 images. ImageNet, on the other hand, has fewer
categories but more instances per category.
These can be used in applications that include detecting

and classifying images similar to the classes contained in
these datasets through a transfer learning approach. However,
there are currently no datasets similar to the problem under
consideration.
For this reason, it was decided to take advantage of the

experience of Biometria operators to create an innovative
object detection dataset employable in multiple environmen-
tal conditions and with different camera qualities. For this
dataset, approximately 1500 images of trucks loaded with
logs were used; 600 images were taken on which bounding
boxes enclosing the individual logs were drawn from this
set of images. A “Label what you can see” approach was
chosen for the automatic inference phase of the network.
In fact, only the bounding boxes on logs that were clearly
visible and not superimposed on other structures have been

FIGURE 1. Example of images labeled from the dataset.

FIGURE 2. Example of incorrect image labeling.

drawn, such as mechanical arms on the truck, buildings in
the background, and other disturbing elements.
During the image labeling process, attention was also

paid to the size of the bounding box drawn on each log
present. The size of the bounding box cannot be smaller
or larger than the actual size of the log; in that case, an
incorrect prediction would be made in the inference phase,
as illustrated in Figs. 1 and 2.

The last considered aspect in the manual creation of the
dataset has been the overlap between neighboring logs: in
order to prevent the network from identifying two overlapping
logs as a single log, thus invalidating the size measurement,
as can be seen in Fig. 3, only the logs in the foreground were
selected, and consequently, all the overlapping logs in the
background were not selected.

III. EXPERIMENTAL RESULTS
After planning and choosing the dataset and neural network
to be used, the focus was on the training and deployment of
the system. First, the optimizations and augmentation of the
dataset will be presented, then the different training exper-
iments, and finally, the overall operation of the proposed
methodology.

A. DATA AUGMENTATION
After the image annotation process, the focus has been
on the data augmentation process. In detail, two sets of
modifications were chosen.
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TABLE 2. Number of logs detected on different images for two YOLO architectures with three different CLs.

FIGURE 3. Example of overlapping bounding boxes.

1) Horizontal tilting and distortion [−5◦, +5◦].
2) Horizontal tilt and rotation [−5◦, +5◦].
Finally, the images were resized to reduce the compu-

tational load on the GPU during training. The dataset thus
created can count on a collection of more than 1500 images,
after the data augmentation process, for a total of about
150 000 instances. The resulting dataset has been split into
three sets: training, validation, and testing, using a 70/20/10
ratio.
The result was the largest existing dataset for detecting

cut wood logs from surveillance camera images.
It is necessary to use appropriately sized hardware to man-

age the dataset’s size and meet the computational demands
of neural network training. In particular, the two crucial ele-
ments for the good management of a neural network are the
RAM and the GPU. After careful analysis, 32 GB of RAM
was chosen, and an RTX QUADRO 8000 with 48 GB of
VRAM was chosen as the video card. The video card is also
compatible with CUDA version 7.5, which is helpful for use
in conjunction with PyTorch and the cuDNN libraries.
The reasons behind this choice are the large video cards’

VRAM availability, which increases the dataset’s storage
capacity for training, and CUDA cores numbers employed
for the tensor calculation of convolutional nodes.

Although the YOLO neural network has a defined basic
architecture, it is possible to optimize the object detection
results by changing some hyperparameters such as the batch
size, the type of data augmentation, the type of activation
layers, and the training optimizer. In addition, it is also
possible to insert other layers, such as the spatial pyra-
mid pooling (SPP), in the architecture [31]. The number of
training epochs, equal to 150, has been chosen as a trade-
off between execution time, recognition ability, and false
positives.
After the first training, some optimization techniques were

applied to improve the results. In the first instance, the
focus was on comparing performance in terms of varying
the dataset, particularly the type of data augmentation.
Indeed, it is well known in the literature that data augmen-

tation brings many benefits to all Deep Learning algorithms
by increasing the number of images available for training by
applying random transformations to them [32]. Images are
always augmented consistently with the reality of the target;
for example, for a picture of a person, it is unrealistic to
apply a 180◦ rotation, while for a log, it is realistic.

The first network (v1) was trained using a batch size
of 32 and the dataset with horizontal tipping and rotation.
In contrast, the second network (v2) was trained using a
batch size of 32 and the dataset with horizontal tipping and
distortion. A number of epochs of 150 were chosen for both.
To verify and compare the performance of the two trained
networks, the inference was performed on the testing set
of 150 images, choosing a confidence level (CL) of 10%,
20%, and 30%. All results in this article are reported in
comparison to a baseline. The baseline is the number of
logs Biometria operators can detect during work tasks.
A demonstration of how the CL can vary detection

performance is shown in Table 2; in particular, this also
demonstrates that there is an optimum CL peculiar to each
dataset. More in detail in the table, the mean number
of detected logs increases using the v2 network thanks
to the data augmentation previously described in all the
reported CLs.
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FIGURE 4. Comparison between v2 (orange line) and v3 (blue line) networks
(precision and mAP).

Considering that the detection performance of multiscale
objects is related to the receptive fields of the network, the
use of an SPP layer was evaluated to address the problem
of scale variation effectively.
The SPP module is added to improve the feature extrac-

tion capability of the network. As a result, SPP offers better
performance in terms of accuracy, recall, and mAP. In par-
ticular, it has clear advantages in mAP, which is 5% higher
than the v2 network.
As well as for data augmentation, the performance

improvement resulting from replacing max pooling with the
SPP layer is also reported in [31], [33], and [34]
In Fig. 4, it is possible to observe how the mAP of

the network with SPP level is higher than the previous
network (v2). Moreover, in Fig. 4, an increase in precision
is appreciable, motivated by the fact that the v3 network
(with SPP) can recognize more true positives. This aspect is
important because although the v2 network can detect more
objects categorized as logs, the v3 network detects more
“true” logs and generates fewer false positives.
Some valuable strategies to speed up the training (and

reach a better solution) were then adopted: using a good
activation function (YOLO uses Softmax), using batch nor-
malization, and reusing parts of a pretrained network (i.e.,
doing transfer learning, using the standard YOLO weights).
In addition, another speed-up can be achieved by using an
optimizer that is faster than the normal stochastic gradient
descent (SGD) optimizer used by the YOLO network.
The training was then carried out using the adaptive

moment estimation (Adam) optimizer, as this algorithm has
been shown in the literature to be faster than SGD and
achieve a higher mAP. In addition, the use of Adam also
allows the removal of a hyperparameter (SGD momentum)
from the list of unknowns.
These optimizations have been applied in version 4 of

the network but were not able to improve the overall mAP.
The comparison of the precision and recall parameters using
Adam optimizer (v4 network) is visible in Fig. 5.

The last version of the network (v5) has been trained with
images that have been squared with zero padding, using
the same data augmentation as the previous versions, and

FIGURE 5. Comparison between v3 (orange line) and v4 (green line) networks
(precision and recall).

FIGURE 6. Comparison between v3 (orange line) and v5 (blue line) networks (mAP).

reducing the batch size to four. As reported in the literature,
square images improved network performance [30].
In Fig. 6, the results of this new training are compared

with the results of the v3 network, which particularly stood
out in the previous tests. The latter was trained using a dataset
consisting of lower resolution images, which increased the
mAP metric and, consequently, improved performances.

B. LOG DETECTION
After the different types of training performed on the YOLO
network, a set of weights was chosen to check the network’s
error when identifying logs in an image (network v5). More
specifically, a set of 60 images never used by the network
(in training or validation) was used to verify the error com-
mitted by the network. The operators manually labeled the
logs present on each of these images, using the LWYS
strategy (presented previously), supplying, therefore, the real
bounding boxes expected after the inference process and rep-
resenting the baseline for the further evaluation of the results.
These images were then inferred, selecting only the bounding
boxes with a CL greater than 40%. The overlapping bounding
boxes have also been identified and discarded in detecting the
logs. For this purpose, a nonmaximum suppression (NMS)
algorithm has been used: first, the algorithm calculates the
areas of the two overlapping or contiguous bounding boxes
and detects the overlapping area; then, if the ratio between
the intersection and the union of the two bounding boxes is
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FIGURE 7. Difference between the predicted and baseline number of logs for each
bundle image.

FIGURE 8. Example of detected logs (white bounding boxes) more than the baseline
(red bounding boxes).

equal to or greater than 45%, the algorithm selects only the
bounding box with the higher confidence (resulting from the
inference phase of the YOLO network).
Finally, the number of logs detected by the network was

compared with the number of logs detected by the operators,
and the delta was estimated as follows:

Delta = No.Predicted − No.Baseline. (1)

Fig. 7, which presents the results of (1) applied to each log
bundle image tested, shows that the network rarely commits
a negative error, while it often commits a positive error. This
aspect is very reassuring, as it shows that the network can
identify more logs than have been reported by the operators
in the first place (baseline). In fact, in some images, it is able
to detect more than 150% of the baseline, as can be seen
in Fig. 8, where the white box indicates the logs detected
automatically by the network and the red box the baseline.
The images where fewer logs were detected than the baseline

had, as the main issue, the presence of backlight sun or snow
on the load obstructed the view excessively, preventing the
network from detecting all the logs in the scene.
Given the nature of the problem, a network that can detect

logs better than it does as a human can is a pro and not a
con. For this reason, the “incorrectly detected” logs inside
the bundle cannot be considered errors. In this case, the
estimated relative error based on the 60 images under review
was 1.4%.

C. LOG DIAMETER MEASUREMENT
The actual measurement process consists of two steps: 1) the
DLT calibration and 2) the measurement of the detected logs.
The operator is asked to select specific points whose posi-

tion is known in terms of real measurements (centimeters).
With this information, an algorithm calibrates the camera,
calculating the homography matrix. Finally, the algorithm
converts, for each log detected by the YOLO neural network,
the coordinates of the bounding box from pixels to centime-
ters and estimates the diameter of the log using the maximum
dimension of the same.
A camera calibration algorithm based on homographic

approximation has been used to measure the diameter of the
different logs in a bundle.
Based on the DLT theory, this algorithm relies on the

knowledge of the absolute coordinates of some points of the
scene being imaged, all belonging to a specific plane called
the homography plane. Using these points called “targets,”
it is possible to obtain the camera calibration parameters,
which are mandatory for a pixel coordinate to the world
coordinate transformation. If the number of known points is
the minimum necessary to obtain the solution, a linear cali-
bration procedure by direct calculation of the solution with a
closed formulation has to be used; if it is higher, a nonlinear
calibration procedure, which involves the minimization of an
objective function, has to be applied [35], [36], [37], [38].
In this way, assuming that the rear of the logs is not too
far from the homographic plane, it is possible to obtain the
logs’ diameter. In particular, the homographic plane used has
been one of the rear vertical planes of the trailer on which
the logs are loaded.
A set of six targets has been used to calculate the homogra-

phy matrix, which is necessary to pass from pixel coordinates
to world coordinates (in centimeters). These targets were
chosen to take advantage of the presence of some reflective
hazard triangles installed on the truck’s rear bumper. The size
of the triangles is standardized and is 16 cm for the base,
17 cm for the larger side of the triangle, and 198 cm for the
inner distance between the two triangles. The world coordi-
nates are known, as the distance between the two extreme
vertices of the truck’s rear bumper, 260 cm, is also available.
The targets used are shown in Fig. 9.

The verification of the camera calibration was then carried
out using measurements taken from 30 different log bundle
images. These measurements were carried out on specific
known points present in the back part of the truck (e.g., the
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FIGURE 9. Target selection.

FIGURE 10. Illustration of the two steps required for log measurement: (a) DLT
validation and (b) log measurement.

truck backplate) to assess the reprojection error. As an eval-
uation of the calibration goodness, one of the measurements
made on the length of the upper metal bar in the lower back
part of the trailer has been reported in Fig. 10(a).
The upper metal bar had a value defined as 214 cm by leg-

islation; the result of the DLT algorithm was instead equal
to 214.4 cm, with a standard deviation equal to 1.5 cm.
Therefore, the results have been compatible with the refer-
ence value. Measurement results were then compared with
those obtained in the field using a special gauge by Biometria
operators, as shown in Fig. 10(b). The entire measurement
process can therefore be summarized as presented in Fig. 11.

IV. RESULTS COMPARISON
The measurement results obtained using the deep learning
neural network for object detection YOLO have been com-
pared with those obtained using classical computer vision

FIGURE 11. Measurement process.

algorithms and other deep learning-based object detection
methodologies. The classical computer vision consisted of
analyses with edge detection algorithms (e.g., HOG and
Canny) combined with a Hough transform and the gen-
eralized framework cell segmentation method, as reported
in the state of art section. On the other hand, the results
obtained with the YOLO network have been compared
with the RetinaNet Object Detection network [39], [40].
The choice of RetinaNet was dictated by the fact that
it is a single-stage-based Object Detection network, just
like YOLO. Therefore, it is characterized by comparable
computation times with YOLO.
The comparison results can be seen in Table 3, where a

set of 20 images containing 778 individual logs manually
counted by a Biometria operator has been used to evaluate the
analyzed methods’ overall performances in detection capa-
bilities, and in Fig. 12, where the diameter of each log has
been manually measured for the first six images of Table 3.
In particular, the images were chosen to cover as much as
possible all the variability factors in the measurement envi-
ronment, such as different times of day, different shooting
angles, and the presence of rain or snow.
As a first result, Table 3 reports the detection capability of

the proposed solution considering both the correct detection
index and mean Dice score [41]. Specifically, the Dice score
was calculated using (2), where A and B are the baseline
and predicted sets of observations and the predicted bound-
ing box. In this case, the intersection between A and B
represented the intersection between the areas of the base-
line and predicted bounding boxes. In contrast, the union
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TABLE 3. Comparison of log detection performances between deep learning and classical computer vision algorithm.

between A and B represents the sum of these areas. The
average Dice score is obtained by calculating the average of
all Dice scores of individual log bundle images

Dice = 2 ∗ |A ∩ B|
|A| + |B| . (2)

The YOLO network outperformed the circle finder algo-
rithm regarding the number of logs correctly detected and
the Dice score.
Indeed, the overall performances show that, out of 778

logs, the YOLO network correctly detected 692 logs with
an average Dice of 0.82. In comparison, the Circle finder
algorithm correctly detected 224 logs with an average Dice
of 0.10.
The motivation behind this result can be found in the

nonperfect circularity of the logs analyzed by the algorithm.
In fact, the circle finder algorithm has as its ideal working
conditions those in which the object to be detected in the
image is circular and undistorted, such as an ellipse may
be. In the present case, the logs have various deformations
and jagged irregularities, which lead the algorithm to make
errors. On the other hand, the generalized framework cell
segmentation performed better for log counting but achieved
a lower segmentation performance than YOLO; it detected
435 logs with an average Dice score of 0.69. However, the
latter technique has the defect of requiring images already
cropped on the ROI, in this case, the back of the truck; this is

necessary because the landscape in the background and the
other parts of the truck trailer are sources of false positives
for the algorithm: in fact, the cell segmentation algorithm
does not work well on inhomogeneous backgrounds that
are easily confused with the foreground. For this reason, its
performance dropped significantly when whole images were
used, i.e., not manually cropped on the load. Nevertheless,
the automatic cropping of the log bundle is another issue
that has challenged traditional computer vision algorithms
the most, which is the reason why it was decided to discard
this algorithm for measuring log diameter.
For the comparison with RetinaNet Object Detection neu-

ral network, training with the same hyperparameters and
dataset used for YOLO has been performed. The model was
then executed on the same images used for the previous
comparisons. The results of this comparison are shown in
Table 3. As can be seen from the table, although the results
obtained were slightly higher than those obtained with clas-
sical image processing algorithms, particularly generalized
framework cell segmentation, the performance was still sig-
nificantly lower than that of YOLO. As already proven by
the state-of-the-art, this test demonstrated that the YOLO
network is the most suitable among those designed for object
detection.
As a final result, Fig. 12 reports the error of logs diameter

measurement obtained with the proposed approach involving
the DLT process, as presented previously. In addition, the

VOLUME 2, 2023 5000112



CARRATÙ et al.: VISION-BASED SYSTEM FOR MEASURING THE DIAMETER OF WOOD LOGS

FIGURE 12. Log diameter measurement error using the proposed approach for the first six images of Table 3. The x-axis shows the intervals in terms of measurement error,
while the y-axis shows the percentage of occurrences of each interval for each analyzed image.

performances have been evaluated using as reference the
true measurements of the logs themselves measured with a
classical gauge by the operators on site.
As shown in Fig. 12, the error obtained is in the range

[−4;4] cm for 80% of cases and most of the six images
considered. However, considering a mean log diameter of
50 cm, this error represents only 8% of the measurement.
Moreover, it should be noted that at least in 50% of cases,
the error is even comprised in the range [−2;2] cm. These
results are in line with the expectation of the forest industry
and, in particular, outperform human-made measurements
done through remote visual inspection. Additionally, these
results underline an excellent performance of the proposed
approach in the correct spatial identification of the bounding
box containing the logs.

V. CONCLUSION
In this article, CNN networks and DLT have demonstrated
to be strong points of the innovative approach to measure-
ments essential to set the use destination and selling price of
timber bundles. Logs’ diameters are extracted directly from
a bundle without human operators on-site while respecting
the Swedish Council’s requirements for Measurement and
Reporting in the class quality evaluation. The automatic
procedure has reduced measurement costs and increased
the process’s repeatability. The metrological performances
resulting from the designed measurement system have been
entirely satisfying and beyond the expectations of Biometria.
In particular, the proposed technique was the best in log
detection, which determined that the measurements were
accurate and repeatable.
Future efforts will be devoted to the real-time implemen-

tation of suitable hardware for the measurement technique so
that the instrument can promptly provide the measurements
of the log diameters to the operators on-site to carry out the

relevant checks on the passing truck immediately. Challenges
with this approach include automating target detection for
the DLT procedure and ensuring the timeliness of the entire
system in providing measurements. Other efforts will also
be dedicated to the refinement of the dataset and the training
procedure in order to increase the number of logs detected
correctly within the image.
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