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Abstract: In recent years, the wooden breast condition has emerged as a major meat quality defect in
the poultry industry worldwide. Broiler pectoralis major muscle with the wooden breast condition is
characterized by hardness upon human palpation, which can lead to decrease in meat value or even
reduced consumer acceptance. The current method of wooden breast detection involves a visual
and/or tactile evaluation. In this paper, we present a sideview imaging system for online detection of
chicken breast fillets affected by the wooden breast condition. The system can measure a physical
deformation (bending) of an individual chicken-breast fillet through high-speed imaging at about
200 frames per second and custom image processing techniques. The developed image processing
algorithm shows the over 95% classification performance in detecting wooden breast fillets.

Keywords: wooden breast; woody breast; detection; imaging system; chicken meat; poultry; myopathy

1. Introduction

In the poultry industry, intensive genetic selection of broiler chickens, as well as ad-
vancements in nutrition and management over the years, have led to tremendous gains in
bird growth rate, size, and muscularity. For broilers, the average market weight increased
and the market age decreased by a factor of two in about 50 years [1,2]. Unfortunately,
along with these advancements in live bird growth and performance have come an increas-
ing occurrence of myopathies in these fast-growing modern broilers which have led to
problems with the meat quality. The wooden breast condition (WBC) is a growth-related
myopathy that occurs in the breast muscle (pectoralis major) of modern broilers that is
of particular concern to the poultry industry due to its negative impact on breast meat
quality and widespread occurrence [3–5]. Breast fillets exhibiting this myopathy have an
uncharacteristically hardened or rigid palpatory feel and shape irregularities [3]. When
consumed, meat with the WBC has been found to be notably less palatable than the nor-
mal meat [6] and consumer complaints about “rubbery” texture in cooked breast fillets
have been increasingly linked to the WBC in raw products. Consumer complaints are
forcing processors to redirect raw breast meat with varying degrees of the WBC into further
processing and/or lower valued products, resulting in decreased yield and/or lost value.

In order to mitigate the problems presented by the WBC, there is a growing need to
provide processors with methods and technologies for objectively and rapidly detecting
and segregating fillets with WBC. Rapid and accurate detection of the WBC will allow
processors to maintain the meat quality more uniformly through product sorting and to
monitor their broiler production, handling, and slaughtering practices more accurately. The
current industry practice to detect chicken meat with the WBC is a manual process using
tactile characteristics (firmness, stiffness, etc.) and/or visual cues (a ridge-like bulge on
caudal area, pale, clear, or slightly turbid viscous fluid cover, and/or petechial multifocal
lesions) [3]. Manual inspection to detect the WBC is time-consuming, subjective, and prone
to human errors. In trying to fully describe the WBC and develop better standards of
separation, a considerable amount of research has been conducted on the meat texture
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characteristics of afflicted breast fillets using texture analyzers to measure the mechanical
properties. Numerous studies have used compression force measurements and various
types of shear force measurements in raw and cooked breast fillets to assess differences
in meat hardness caused by the WBC [7–11]. Although instrumental evaluations of meat
hardness have yielded some insight into the texture characteristics of the WBC, they are
neither rapid nor nondestructive. Moreover, they do not provide objective ground-truth
labels on meat categories for WBC. As a result, manual tactile and visual evaluation
methods are still the most widely used gold standards for assessing the WBC in breast meat
for both commercial processing plants and the poultry research community [8,9,11–14].

There is a large research gap in developing nondestructive and noncontact WBC
detection technologies for commercial use [13]. An image analysis method for screening
broiler carcasses in the shackle line was developed to predict the WBC in broiler carcasses
with 84–91% accuracy for normal or WB classification such that 2D carcass shape fea-
tures were extracted and analyzed [14,15]. The image analysis study [14] suggested that
conformation changes in broiler carcasses were mainly related to a breast width increase
as WB severity increased. Expressible fluid images were analyzed using deep learning
to predict degrees of the WBC [16]. Image analysis was also used to measure intensity
distributions and texture features in images of chicken breast fillets and combined with
support vector machine for classification of normal or WB fillets with 91.8% accuracy, while
near-infrared (NIR) spectroscopy showed higher performance with 97.5% accuracy [17].
A bioelectrical impedance analysis method was tested for its potential as a noninvasive
biosensor for the WBC in breast fillets [18]. A study with NIR hyperspectral imaging
used NIR spectral biomarkers associated with protein and water binding to predict the
WBC [19,20]. A spectral domain optical coherence tomography (OCT) technique was used
to measure differences in subsurface microstructures of normal and wooden breast fillets,
where the epimysium thickness of the fillets with the WBC was about two times larger
than the normal fillets [21]. Yoon et al. [21] also showed the potential of sensor fusion
technology using OCT and hyperspectral imaging. Although these reported methodologies
have shown some degree of potential for identifying breast fillets with the WBC, none are
widely used throughout the poultry industry or research community.

In general, previous research sought to identify the WBC by measuring the biochemical,
spectral, or optical properties of the broiler meat. Although the distinguishing character-
istics of the WBC are largely described in terms of physical and mechanical properties
(i.e., hardness and rigidity of breast meat), there have been no reports to date about online
sensing technologies that can directly measure a physical or mechanical property of the
breast meat to detect the WBC. Most studies on the mechanical properties of boneless breast
fillets with the WBC have focused on the hardness characteristic, and the focus has not
been in developing online sensing. To date, there have been no reports on the instrumental
or tactile measurement of the rigidity or bending properties of boneless breast fillets with
the WBC. Thus, the objective of this paper is to report the development of a machine vision
system and image processing algorithms to measure and analyze the physical bending
properties of boneless, skinless broiler breast fillets for the purpose of detecting the WBC.

2. Description of Imaging System

This section provides a description of the imaging system for wooden breast detection,
developed in this study.

2.1. System Overview

The core idea of the imaging system was based on an observation that when a chicken
breast fillet was moved and dropped over the end of a rolling pulley of a belt conveyor,
the fillet would briefly be bent. If we can capture the shape deformations of a fillet near
the discharging end of a conveyor with a high-speed camera, the captured pictures may
contain the information about how a fillet is bent differently between normal and WBC
fillets. Because belt conveyors are commonly used in the poultry processing plants, there
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are many places to observe this bending event. In particular, the shape of this bent fillet
could be clearly viewed from the side of the conveyor system. Through this idea, a sideview
imaging system was developed for capturing a series of pictures of a fillet while it was
freely falling off the belt conveyor system at high speed. The captured individual images
were processed and analyzed to measure the bending property of breast fillets with a
developed image processing algorithm. This paper is the first formal scientific report of the
patented technology [22].

2.2. System Description

Figure 1a–c show the schematic diagrams of the sideview imaging system’s top, side,
and frontal views for WBC detection, including a belt conveyor system and a machine
vision system. Figure 1d also shows the system with the up- and downstream conveyors,
where the fillets will travel from the upper conveyor and fall off onto the lower conveyor.
Note that the lower conveyor was not implemented in the system reported in this paper.
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Figure 1. Schematics of the system setup viewed from (a) the top, (b) side, and (c) front; (d) schematics
of the system with up- and downstream conveyors.

Figure 2 shows the pictures of the developed imaging system used in the paper. The
imaging system consisted of a digital CMOS camera (Grasshopper USB 3.0, GS3-U3-23S6C-
C, FLIR Integrated Imaging Solutions), two white LED panel lights (CN-576, Neewer),
a black fabric backdrop (background), a computer (not shown), and custom software. A
conveyor system (AS40, QC Industries) was equipped with a flat belt (18” width× 48” length),
two adjustable guide rails, a brushless DC motor, a digital driver, and a variable speed controller.
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Figure 2. Picture of the developed imaging system with a fillet falling off the conveyor.

Matlab (MathWorks) was initially used for data analysis and development of the detec-
tion algorithm. A custom C++ application program for real-time imaging was developed
to acquire images of a moving fillet, apply the developed imaging processing algorithm,
and make a final decision about the tested fillet in real time. A multithreaded application
program was designed and implemented with the Microsoft Visual C++ 2015 to handle
both real-time image capture and processing in parallel on a general-purpose computer
(Microsoft Windows 10).

2.3. Imaging Condition

Three different conveyor line speeds at 10, 50, and 100 feet per minute (FPM) were used
in this study. The camera frame rate was set to 200 frames per second (FPS) with exposure
time of 3.5 ms. The 8-bit RGB color images were acquired with the global shutter mode. The
color images were converted to grayscale images for further processing and analysis. The
focal length of the lens was 6 mm. The pixel resolution of 960 (width) × 696 (height) pixels
was set within the camera using its region of interest function. The camera’s viewpoint
was adjusted to closely align with the roller axle axis. With a free run mode, the camera
continuously acquired and transferred a sequence of images to a memory buffer (a circular
better) implemented by the software application program, similar to our previous real-time
spectral imaging system [23].

Individual fillets were manually placed in a single file with a spatial gap between
them in the same surface and orientation of each fillet (a sample pose). From a preliminary
study, we evaluated four different sample poses: (1) skin-side surface down and tail-end
first, (2) skin-side surface down and head-end first, (3) bone-side surface down and tail-end
first, and (4) bone-side surface down and head-end first. Note that the tail-end of a fillet
is typically thinner than the head-end. From this preliminary study, we found that pose
1 (skin-side surface down and tail-end first) was the best sample pose. Thus, pose 1 was
used throughout this study.
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3. Description of Imaging Processing Algorithm

This section provides a description of the developed image processing system for
woody breast detection. Figure 3 is a flowchart of the developed image processing algorithm
that consists of image acquisition (previously described), motion sensing, filler object
segmentation, measurement of fillet’s bending, and classification.
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3.1. Motion Sensing

A sensor was necessary to trigger an event signal for beginning or ending of tracking
and analyzing a filter’s shape deformation. Two optical sensors could be used to monitor
the start and end events at two different locations and times. Instead, we developed an
image processing algorithm, called a motion sensing algorithm, such that the algorithm
emulated the motion sensing functionality of an optical sensor. A software motion sensor
is more desirable in harsh washdown environments than hardware optical sensors due to
its low cost, simplicity in system design, and no need for hardware maintenance.

For real-time motion sensing, pixel intensities along two lines (one column and one
row) on an acquired image, called trigger lines, were analyzed. A software trigger signal
(a Boolean flag) was generated when pixel intensities along the trigger lines exceeded
predefined threshold values, respectively. The trigger lines were selected manually when
setting up the imaging system, just once (see Figure 4). The first trigger line (a narrow
vertical stripe of pixels with one-pixel width) was set to signal the arrival of a new sample.
The second trigger line (Figure 4b) was a horizontal line (an image row) for detection of the
fillet exiting the field of view (FOV).
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3.2. Fillet Object Segmentation and Analysis

A sideview fillet object was obtained by an image segmentation algorithm, as follows:
(1) global thresholding, (2) hole filling, (3) median filtering, (4) morphological opening,
and (5) object size filtering. An object size filter was used to remove small, isolated
objects. The image processing parameters for segmentation were obtained by trial and
error using a calibration set of images that were collected during a system development
phase. The developed image segmentation method generated a set of time-series sideview
segmentation images from a fillet.

The sideview shapes of a fillet were analyzed to characterize how the shape of the fillet
changed over time. The motion sensor algorithm was set up to capture the first image of a
fillet while the fillet was moving on the flat conveyor. This first image was used to extract
the thickness and length information of the fillet. Two thickness definitions (maximum
thickness and average thickness) were studied. Because the fillet’s thickness was estimated
by an image analysis, fillet “thickness” and “height” are used interchangeably in this paper.
The maximum thickness was the height of a bounding box enclosing a fillet segment. The
average thickness was the average height of a fillet segment. The length was the width of
the bounding box. The dynamic change (i.e., bending) captured in the fillet segments was
extensively analyzed with two shape descriptors, described next in details.

3.3. Bending Shape Description by Bending Energy

A shape descriptor was developed to estimate a bending energy contained in a fillet
shape contour. This shape measure quantified the energy stored in the shape of the contour.
The bending energy of a fillet shape contour was defined as

BE =
P2

L

L

∑
k = 1

C2(k), (1)
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where C was the curvature of a curve passing through a bent fillet segment, L was the
length of the curve whose value was closely related to the length of the fillet, and P was the
perimeter of the segment contour. Note that the bending energy was normalized by L (the
fillet length) and P2 (the squared shape perimeter of the fillet) to make it scale-invariant [24,25].
In theory, a neutral axis of a fillet, where neither extension nor compression occurred, was
the best curve for Equation (1). However, because the neutral axes of real 3D physical fillets
could not be accurately calculated from 2D images alone, a skeleton curve of a fillet segment
was used as a more practical and approximate solution (Figure 5). The skeleton curve
was obtained with the medial axis transformation and approximated with least squares
polynomial fitting. The second-degree polynomial fitting was chosen after comparing the
first- and up to fifth-degree polynomials. We hypothesized that a woody breast fillet would
have a smaller bending energy when compared with a normal breast fillet, and the bending
energy of a given fillet was maximized when its bending was maximized. The algorithm to
predict the maximum BE of a fillet repeated the following steps.
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Figure 5. (a) Fillet object segmentation; (b) Raw (red) and fitted (black) skeletons on a rotated fillet
shape contour.

(1) Given a fillet object segment (Figure 5a), the major axis of the fillet segment was
extracted, and its angle was calculated. The centroid of the segment was also obtained.

(2) The fillet segment was rotated with the angle around the centroid such that the major
axis was parallel to the x-axis (Figure 5b).

(3) The rotated fillet segment was skeletonized.
(4) The skeleton was regressed with a quadratic curve (second degree polynomial fitting).
(5) The BE was calculated with the regressed skeleton curve and the shape contour of the

fillet segment.
(6) Repeated (1)–(5) until the motion sensor signaled the end of tracking.
(7) Once tracking was stopped, the maximum of all BEs calculated from the above steps

became the maximum BE of the given fillet.

3.4. Bending Shape Description by Minimum Distance

The next shape descriptor was based on a distance metric calculating the Euclidean
distance between two special positions on an image. Suppose that a fillet was analyzed
with N captured images and each image was segmented with the object-segmentation
method. Then, the distance measure of di on the i-th image was calculated with

di =
√
(xc(i)− xr)

2 + (yc(i)− yr)
2, i = 0, . . . , N − 1

= hc(i) + R,
(2)

where xc(i) and yc(i) were the coordinates of a centroid, xr and yr were the coordinates of
a reference point at the center of the roller axle, hc(i) was a distance from the centroid to the
conveyor belt surface point existing along the line connecting the centroid and reference
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point, and R was the radius of the roller axle as a constant (Figure 6). The reference point
remained unchanged after it was manually determined during the system setup. The
centroid was the center of mass of the fillet region from a binary segmentation image. The
distance measure was based on the assumption that the value of di for a fillet would become
the minimum when its bending was maximized, and a normal breast fillet would have a
smaller minimum di than a woody breast fillet.
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(a) normal and (b) severe woody breast fillets.

Note that the distance measure of di in Equation (2) was in the pixel unit and thus not
scale invariant. The scale invariance was important to increase the robustness of the distance
measurements when they could be potentially affected by different shapes and/or sizes
of fillets. In general, the distance measures of thicker fillets were larger when compared
with thinner fillets. If these thicker fillets truly had the woody breast condition, no problem
occurred. However, a problem happened when those thick and thin fillets had very similar
physical bending property but showed different distance measures (image properties) due
to the different thicknesses and/or shapes. Hence, the shape and/or size of each fillet, such
as thickness, needed to be factored in for normalization of the distance measurements. In
this study, di was normalized with a single scale factor of H proportionally according to
thickness of a fillet, with a goal to develop a parsimonious model. With this goal in mind,
the segmentation result from the first image for a fillet was used to obtain H. Note that the
motion sensing algorithm parameters were set to ensure that the first image was captured
while the fillet was still flat. From the first image, three different height features of h, ht, and
hb were obtained, where h was the maximum height, ht was the average height calculated
from the fillet’s top bounding box down to the centroid, and hb was the average height
measured from the bottom bounding box (a conveyor belt) up to the centroid (Figure 7).
These height features were related to thickness of a fillet, depending on how thickness
was defined. The height features were also related to each other with h = ht + hb. After
performing a study to compare three different height features, the scale factor H of a fillet
was defined as

H = ht + R at i = 0. (3)
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From Equations (2) and (3), the normalized distance measure d̂i (unitless) was calcu-
lated for each image with

d̂i = di
H i = 0, . . . , N − 1

= hc(i)+R
ht+R .

(4)

The feature d̂i was indirectly related to measurement of a ratio between ht and hb
because hc(i) in the numerator di was scaled from hb (see Equation (5) below). The denomi-
nator H was directly related to ht (Equation (3)). When we assumed a linear displacement
of the centroid on the first image to the centroid on the i-th image, the following relation-
ship held:

hc(i) = α·hb + β∴ hc(i) ∝ hb (5)

where α and β were unknown, for which α ≤ 1 and hc(i) ≤ hb. Estimation of α and β was
beyond the scope of the study. Finally, the algorithm to obtain the minimum distance-based
shape feature for a fillet is summarized below.

(1) From the segmentation result of the first image, H in Equation (3) was calculated.
(2) From the segmentation result of the i-th image, the centroid of the fillet region was obtained.
(3) The normalized distance measure d̂i in Equation (4) was calculated, and steps 2 and 3

were repeated until tracking of the fillet was finished.
(4) Once the tracking was stopped, the minimum of all d̂i was determined as the normal-

ized minimum distance measure (NMDM) for the fillet.

4. Experimental Design and Analysis
4.1. Broiler Breast Fillet Samples

Approximately 200 boneless, skinless breast fillet samples (Pectoralis major) were
obtained at 3 h postmortem from the deboning line of a commercial broiler processing
plant. The samples were transported for ~1 h on ice to the U.S. National Poultry Research
Center in Athens, Georgia, U.S.A. The samples were further trimmed of fat and connective
tissue. Individual breast fillets were scored and categorized into normal (no WBC; WBC
score 0), moderate WBC (WBC score 1), and severe WBC (WBC score 2) groups by a panel
of trained experts using published criteria for tactile evaluation of fillet hardness and
rigidity [9,11]. A total of 45 representative fillets (15 per each of three WBC scores) were
selected for this study. Fillet weights were recorded, and the volume, maximum thickness,
average thickness, and maximum length of each fillet were also measured by a structured
light-based 3D scanner (Texas Instrument’s DLP® LightCrafter 4500) built in-house. The
physical properties obtained by the 3D scanner were computationally obtained through 3D
point cloud processing in Matlab. Shear force was measured for each fillet using the blunt
Meullenet-Owens razor shear (BMORS) method. For each fillet, seven shear measurements
were measured on the ventral surface of the fillets using a texture analyzer (TA-XT-Plus,
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Texture Technologies Corp., Hamilton, MA, USA) with a 50 kg load cell [11,26]. Peak
shear force (N) and total shear energy (N.mm) were analyzed. The 3D shape features
and shear force for each fillet were measured after the data collection using the side-view
imaging system.

4.2. Statistical Analysis and Performance Evaluation

For each fillet, seven physical features were measured: weight (g), volume (mm3),
maximum thickness (mm), average thickness (mm), length (mm), peak shear force (N), and
shear energy (N.mm). For each fillet, 11 image features were measured using the sideview
imaging system: raw minimum distance measure (MDM), normalized minimum distance
measure (NMDM), maximum bending energy (MBE), maximum height (MAXH), average
height (AVGH), maximum length (MAXL), area (AREA), perimeter (PERIM), scale factor
H = ht + R (HTR), and alternative scale factor H’ = hb + R (HBR).

The differences of each measured feature among fillet groups (normal, moderate WBC,
and severe WBC) were analyzed with one-way analysis of variance (ANOVA) and post hoc
tests. The Tukey test was used for the post hoc test. The statistical tests were performed
with R (4.0.5) via RStudio (1.4). All studied features were one-dimensional data. Binary
classification models in the 1D feature space were applied to divide the feature values into
two groups (normal vs. WBC fillets). The evaluated classification models were the linear
discriminant analysis (LDA), quadratic discriminant analysis (QDA), decision tree (DT),
support vector machine (SVM), and k-nearest neighbors algorithms.

Note that three-class (normal, moderate WBC, and severe WBC) classifications were
investigated but are not reported in this paper because the three-class classification results
suggested that the severity of the WBC was difficult to predict with the developed methods
and the paper length was limited. A 10-repeated five-fold cross-validation method was
used to estimate the overall classification performance of each classification model and
feature. The overall accuracy (OACC), balanced accuracy (BACC), F1 score (F1), and
Matthews correlation coefficient (MCC) were the classification evaluation metrics. The
OACC, BACC, and F1 had scores with a real number between 0 and 1, where 1 was the
highest classification score and 0 was the lowest. The MCC had a score between −1 and +1,
where +1 was the highest score (a perfect prediction) and−1 was the lowest (no prediction).
The classification performance was evaluated with Matlab.

5. Results and Discussion
5.1. Imaging Results

Figure 8 shows the images of representative fillets from arrival to the moment of
maximal bending, and as they fell from the conveyor. The shape changes of typical normal,
moderate WBC, and severe WBC fillets are clearly shown in segmented objects (colored pink
in Figure 8) and the fillet segments in all images were successfully detected by the sideview
image segmentation algorithm without error. In these example images, the segmented
objects were overlaid to show the spatial contexts of each segment. The segmentation
images showed that the shapes between normal and WBC (moderate and severe) fillets at
their maximal bending moments were visually quite different while the difference between
moderate and severe WBC fillets were not easy to recognize visually. The magnitude and
direction of a measured distance metric are highlighted with a white line connecting a
centroid and the reference point.

Representative skeletons used for the BE calculation are shown in Figure 9. The raw
and fitted (regressed) skeletons in Figure 9 were based on the same example fillets used in
Figure 8.

5.2. Effects of Physical Features

Fillets in the WBC group (moderate and severe WBC fillets) showed greater average
weight, volume, thickness, and shear force than normal fillets. Table 1 shows the average
values of the physical features measured by three instruments (a scale, a 3D scanner, and
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a texture analyzer). The average values monotonically increased as the WBC severity
increased (normal < moderate WBC < severe WBC). The means of the weight, volume,
maximum thickness, peak shear force, and shear energy features were different between
normal and WBC fillet groups (p < 0.05) but were not significantly different between
moderate and severe WBC fillet groups. The post hoc test results of weights and BMORS
values (peak shear force and shear energy) were consistent with previous findings [11,26,27]
in that significant differences were observed only between normal and WBC fillets. The
ANOVA and post hoc test results suggested that the average thickness could be good for
group separability because all paired group means were significantly different from each
other. On the other hand, the fillet length showed no significant differences between all
pairs. The volume and maximum thickness features showed similar ANOVA and post hoc
test results when compared with the weight and BMORS features.
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Table 1. Instrumental measurements of physical features of fresh broiler breast fillets.

WBC Category Spearman Correlation Coefficient

Feature Normal Moderate WBC Severe WBC ρ

Weight (g) 388 ± 60 b 489 ± 76 a 499 ± 47 a 0.57 ***

Volume (mm3) 329 ± 54 b 426 ± 65 a 442 ± 40 a 0.63 ***

Maximum thickness (mm) 40 ± 5 b 45 ± 3 a 48 ± 3 a 0.61 ***

Average thickness (mm) 25 ± 3 c 32 ± 2 a 33 ± 2 b 0.72 ***

Length (mm) 185 ± 8 a 188 ± 11 a 189 ± 9 a 0.04 ns

Peak shear force (N) 11 ± 4 b 24 ± 8 a 27 ± 8 a 0.66 ***

Shear energy (N.mm) 104 ± 28 b 208 ± 69 a 231 ± 70 a 0.67 ***
a–c Means within a row lacking a common superscript differ (p < 0.05). *** p ≤ 0.001, ns p > 0.05.

The Spearman correlation coefficients between each of the weight, volume, maximum
thickness features and the WBC scores were ρ = 0.57, 0.63, and 0.61, respectively, with
the p-value < 0.0001 (Table 1). The BMORS features (ρ = 0.66~0.67, p < 0.0001) were more
strongly correlated with WBC scores than the weight, volume, and maximum thickness.
Average thickness showed the strongest positive correlation with the WBC scores at ρ = 0.72
(p < 0.0001). From the ANOVA test results, it was not surprising that the correlation
coefficient value of fillet length was quite low at 0.04 (p > 0.05). These results from 3D
shape data implied that the effectiveness of average thickness could be attributed to the
characteristic shape morphology of WBC fillets. The results also suggest the potential of 3D
imaging as a tool to quantify the physical properties of the WBC condition. As a byproduct
of side-view imaging, we could study some shape properties of the fillets, including average
thickness, that we could previously only measure only with a 3D scanner.
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5.3. Effect of Sideview Image-Based Shape Features

Table 2 shows the values of the shape features measured by the sideview imag-
ing system. On average, the group means of all measured sideview image features
except maximum bending energy (MBE) increased as the WBC severity increased
(normal < moderate WBC < severe WBC). Note that the group means of MBE decreased as
the WBC severity increased, as we expected based on the characteristic rigidity observed in
WBC fillets. The ANOVA and post hoc test results of the raw minimum distance measure
(MDM), maximum height (MAXH), average height (AVGH), and alternative scale factor
(HBR) showed significant difference between all paired group means. These results were
different from the instrumental measurement results of the physical features in that the
average thickness was the only physical feature, where all paired group means were signif-
icantly different. The group means of the other image features (NMDM, MBE, AREA, and
PERIM) except MAXL showed the same statistical trend as the volume, maximum thickness,
and BMORS in that the means of normal and WBC fillet groups were significantly different
but the group means of moderate and severe WBC fillets were not significantly different
from each other. From the results obtained by both 3D imaging and side-view imaging,
we could confirm that the fillet length was not a feature to consider when detecting the
WBC fillets.

Table 2. Measurements of sideview image features of fresh broiler breast fillets.

Category Spearman Correlation Coefficient

Feature Normal Moderate WB Severe WB ρ

NMDM 0.41 ± 0.10 b 0.63 ± 0.05 a 0.66 ± 0.08 a 0.75 ***

MDM (px) 41 ± 11 c 63 ± 5 a 67 ± 7 b 0.77 ***

MBE 35 ± 20 b 9 ± 5 a 7 ± 7 a −0.68 ***

MAXH (px) 73 ± 8 c 80 ± 7 a 85 ± 7 b 0.51 ***

AVGH (px) 49 ± 8 c 62 ± 6 a 65 ± 4 b 0.70 ***

MAXL (px) 319 ± 12 a 322 ± 18 a 323 ± 15 a 0.10 ns

AREA (px) 16,498 ± 2628 b 19,938 ± 2553 a 21,113 ± 1784 a 0.67 ***

PERIM (px) 745 ± 35 b 783 ± 49 a 787 ± 37 a 0.40 ***

HTR (px) 99 ± 5 b 100 ± 5 ab 102 ± 6 a 0.25 **

HBR (px) 84 ± 4 c 89 ± 3 a 92 ± 3 b 0.68 ***
a–c Means within a row lacking a common superscript differ (p < 0.05). *** p ≤ 0.001, ** p ≤ 0.01, ns p > 0.05.

The Spearman correlation coefficients between each of NMDM and MDM and the WBC
scores were higher (ρ = 0.75~0.77, p < 0.0001) than the ρ values of any other instrumental
measurements, including average thickness (ρ = 0.72) measured from the 3D data and shear
force measurements (ρ = 0.66~0.67). The MBE feature had a negative correlation (ρ = −0.68)
with the WBC scores. The rho value (ρ = 0.70) of the image-based average height (AVGH)
was lower than, but close to, ρ = 0.72 of the average thickness (mm). This proximity of the
rho value of the image feature (AVGH) to the rho value of the average thickness feature
suggested that ρ = 0.70 could be a reference point for indirectly comparing correlation
coefficient values between image-based and instrumental physical features. In other words,
it implied that the distance measures, MDM (ρ = 0.77, p < 0.0001) and NDMD (ρ = 0.75,
p < 0.0001), had the potentially best predictive ability among all proposed physical and
image features. The statistical test results suggested that the raw distance measure (MDM)
was the best feature in differentiating group means and correlation with the WBC scores,
followed by the normalized distance measure (NMDM).
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5.4. Analysis of Sideview Image Features Measuring Fillet Bending

The values of the sideview image features (MDM, NMDM, and MBE) measuring the
bending property were locally fluctuating yet globally convergent in that the developed
iterative algorithms to find solutions were converged to global solutions. Figure 10 shows
the curves of the raw distance and bending energy values measured with three example
cases in Figures 8 and 9. The curves in Figure 10 suggested that although maximal bending
happened at about the 30th and 35th images for raw distance and bending energy measure-
ments, respectively, the dynamic bending of fillets was well characterized by the sideview
image features. As WB fillets experienced less bending than normal fillets, the WB fillets
showed the smaller distance and larger bending energy values compared with normal
fillets. Overall, the values of the distance measure were much less fluctuating locally when
compared with those measured using bending energy. The curve analysis results suggested
that the solutions to find the value of the minimum distance measure (MDM) were more
stable when compared with bending energy. In the case of bending energy, the curves were
generally more jagged than the curves of distance feature values but finding the value of
the maximum bending energy (MBE) was also globally convergent. The local jaggedness of
the bending energy feature was associated with a local change of a fillet shape during the
dynamic bending process because the local change directly induced a change in detected
skeletons. The results suggested that a more sophisticated image processing method to
compute the skeletons invariant to small changes in shapes would be necessary to mitigate
this issue. On the other hand, the solution to the distance-based search method was robust
and insensitive to any sudden local deformations during the bending. Hence, these results
suggested that the distance feature was a better metric to use when compared with the
bending energy feature.

5.5. Performance of Classification Models in Predicting WBC

Preliminary results of the classification models for three-tier separation (normal, mod-
erate WBC, and severe WBC) indicated that the studied features were less effective in
distinguishing between moderate and severe WBC compared to the performance of binary
classifiers for WBC and non-WBC. Thus, we report the results of the binary classification
models for differentiating WBC from non-WBC fillets so that only the WBC fillets can be
accurately detected and further sorted in practice.

Overall, the predictive performance of the sideview image-based distance measure
and bending energy features was better when compared with the other measured features
(Tables 3–5). The 10-repeated five-fold cross-validation (CV) test results showed that the
QDA, SVM, and LDA yielded the higher scores of 0.831, 0.829, and 0.827, respectively, than
the KNN (0.786) and DT (0.777) when all classification metric scores (OACC, BACC, F1,
and MCC) were averaged over the 10 tested features and three line speeds (AVERAGE
TOTAL in Table 3). Note that the scores for the different line speeds were obtained only
with the sideview image features (NMDM, MDM, MBE, and AVGH). The repeated CV test
results also showed that the SVM using the NMDM feature yielded the highest average
score of 0.974, followed by the DT (0.962) and KNN (0.954) (Table 3).
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Figure 10. Raw data of measured (a) distance and (b) bending energy features in example normal,
moderate WBC, and severe WBC fillets.

Table 3. Performance scores of classification models: Results of 10 repeated five-fold cross-validations
for each classification evaluation metric (OACC, BACC, F1, MCC) and at a line speed (10, 50, and
100 FPM only for MDM, NMDM, MBE, and AVGH) were averaged. The number in bold means the
highest score.

LDA QDA DT SVM KNN MEAN

Side-view imaging
NMDM 0.914 0.953 0.962 0.974 0.954 0.951
MDM 0.919 0.932 0.944 0.930 0.927 0.930
MBE 0.869 0.872 0.897 0.882 0.890 0.882

AVGH 0.819 0.810 0.752 0.812 0.780 0.794
Avg. subtotal 0.880 0.892 0.889 0.900 0.888
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Table 3. Cont.

LDA QDA DT SVM KNN MEAN

Instruments

Avg. thickness (mm) 0.839 0.855 0.798 0.821 0.836 0.830
Shear energy (N.mm) 0.832 0.832 0.786 0.813 0.738 0.800
Peak shear force (N) 0.813 0.804 0.741 0.807 0.740 0.781

Thickness (mm) 0.774 0.767 0.689 0.780 0.690 0.740
Volume (mm3) 0.761 0.759 0.599 0.734 0.642 0.699

Weight (g) 0.733 0.730 0.597 0.735 0.665 0.692
Avg. subtotal 0.792 0.791 0.702 0.782 0.719

Average Total 0.827 0.831 0.777 0.829 0.786 0.814
SD 0.062 0.073 0.129 0.078 0.111

Table 4. Performance of SVM model: Average of 10 repeated five-fold cross-validations. The results
for MDM, NMDM, MBE, and AVGH were the averages over all line speeds (10, 50, and 100 FPM).

Performance Score

Feature OACC BACC F1 MCC MEAN

NMDM 0.980 0.973 0.985 0.956 0.974
MDM 0.947 0.931 0.961 0.882 0.930
MBE 0.908 0.893 0.932 0.794 0.882

Avg. thickness (mm) 0.864 0.830 0.902 0.689 0.821
Shear energy (N.mm) 0.851 0.843 0.886 0.673 0.813

AVGH 0.857 0.817 0.897 0.675 0.812
Peak shear force (N) 0.847 0.837 0.883 0.662 0.807
Max. thickness (mm) 0.833 0.792 0.880 0.614 0.780

Weight (g) 0.800 0.750 0.857 0.533 0.735
Volume (mm3) 0.800 0.747 0.858 0.532 0.734

Table 5. Performance scores of sideview image features over different line speeds (10, 50, and
100 FPM): Average of 10 repeated five-fold cross-validations.

Metric Overall Accuracy Balanced Accuracy F1 Score MCC

FPM 10 50 100 10 50 100 10 50 100 10 50 100

MDM 0.960 0.948 0.932 0.957 0.938 0.900 0.970 0.961 0.951 0.910 0.884 0.851

NMDM 0.998 0.995 0.948 0.997 0.993 0.930 0.998 0.997 0.961 0.995 0.990 0.884

MBE 0.947 0.936 0.841 0.943 0.939 0.796 0.960 0.951 0.886 0.881 0.863 0.636

MEAN 0.968 0.960 0.907 0.966 0.957 0.875 0.976 0.970 0.933 0.929 0.912 0.790

The scores obtained by the SVM were further analyzed for each performance metric
and feature category (Table 4). The NMDM feature yielded the highest mean (0.974) and
individual scores in all performance metric categories with 0.98 (OACC), 0.973 (BACC),
0.985 (F1), and 0.956 (MCC), followed by the MDM (a mean score of 0.930) and MBE
(a mean score of 0.882) when the weight and volume features yielded the lowest scores.
The sideview image features (NMDM, MDM, and MBE) measuring the bending property
yielded higher classification scores than the thickness, shear force, weight, and volume.
The mean score (0.821) of the average thickness feature was higher than the mean score
(0.812) of the maximum thickness feature. While the performance scores ranged between
0.98 (NMDM) and 0.9 (volume) for OACC, between 0.973 (NMDM) and 0.747 (volume) for
BACC, between 0.985 (NMDM) and 0.858 (volume) for F1, and between 0.956 (NMDM)
and 0.532 (volume), only the NMDM showed consistently very high scores over 0.95 in
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each performance metric category. The MDM also showed favorable performance scores
(OACC = 0.947, BACC = 0.931, F1 = 0.961, and MCC= 0.882).

The scores for the BE feature were lower than the NMDM and MDM but higher than
the other features. The scores of the average thickness and shear energy features were
similar to each other. The average thickness measured by 3D imaging yielded higher
scores when compared with the AVGH (the average height of a fillet segment) and peak
shear force. The scores of the maximum thickness feature were always lower than the
score of the average thickness features. These results suggested that the original distance
measure was probably affected by the shape and thickness of a fillet (e.g., a uniformly
flat shape, a tapered shape, etc.) but the normalization scale factor H used in the NMDM
feature increased the performance by reducing the effect of varying shape and thickness.
The results also suggested that a more sophisticated shape feature describing the uneven
surfaces and varying thicknesses of fillets would increase the detectability of the WBC
fillets. These results were also aligned with the findings of the statistical significance tests
in Sections 5.2 and 5.3. We suggest that a sensor fusion of the sideview imaging with 3D
imaging would solve this problem to increase the detection accuracy and potentially to
discern the severity of the WBC. It is desirable to collect a dataset that will consist of more
data reflecting the distribution of the real-world WBC sample population and assess the
true performance of the technique with the dataset while testing the developed technology
for a commercial use in the future.

Line speed affected the performance of the sideview image features (Table 5). Overall,
the slower the line speed, the higher the performance score was. An average rate of
change in performance scores at lower speeds (from 10 to 50 FPM) was much smaller
when compared with the rate change of scores from 50 FPM to 100 FPM. On average, the
performance scores at 10 FPM were reduced by 0.9% (OACC), 0.9% (BACC), 0.6% (F1),
and 2% (MCC) when the speed increased to 50 FPM, while the scores were reduced by 5%
(OACC), 9% (BACC), 4% (F1), and 13% (MCC) between 50 and 100 FPMs. The NMDM
feature yielded the highest scores when compared with the scores of the MDM and MBE in
all performance metric categories. At lower line speeds (10 and 50 FPMs), all performance
scores of the NMDM were higher than or equal to 0.99. At 100 FPM, the NMDM showed
still the highest scores of OACC (0.948), BACC (0.93), F1 (0.961), and 0.884 (MCC). The
performance scores of the NMDM at 100 FPM were almost equal to the scores of the MDM
at 50 FPM. The average reduction in performance scores of the NMDM was less than 0.5%
when the line speed increased to the middle speed at 50 FPM from the slowest 10 FPM. The
scores of the NMDM were decreased at much higher rates of 5% (OACC), 6% (BACC), 4%
(F1), and 11% (MCC) on average when the line speed increased to 100 FPM from 50 FPM.
The similar reduction in performance was observed from the tests carried out with the
MDM and MBE as well. The MDM showed the least reductions in scores as the speed
increased. The higher rate of change observed with the NMDM than the MDM was likely
related to the small size of the dataset. The results suggested that a separate future study
would be necessary to determine the maximum line speed that the sideview imaging
system could handle.

5.6. Limitations and Future Work

It would be worthwhile to mention limitations of the current system presented in
this paper and how to overcome it in practice. First, the travel requirement of fillets in
a straight line may slow down the line speed. However, a dual-lane system using two
sideview cameras and a matte black divider/blocker between lanes can increase the line
throughput twice. Second, the current system is not equipped with a singulation system
that can make all fillets travel in the same pose. One suggestion for a fully automated
system is to recognize the current pose of a fillet through texture and shape analysis with
an additional top-down machine vision camera and then change the pose mechanically as
needed. For example, a paddle sorter or a diverter can be used to change the orientation of
a fillet to move the tail-end first, and a flipper can be used to flip the surface of a fillet. Once
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the correct pose is set, individual fillets can be guided through side-guide rails such that the
orientation change of a fillet is minimized. Third, a rejector needs to be installed to remove
the WBC fillets, based on a decision signal from the imaging system. A paddle rejector or
a drop-down rejector that is widely used in the food industry can be easily incorporated
with the developed imaging system. Fourth, the developed technology cannot predict the
severity of the wooden breast condition. This problem is a very challenging problem to
solve due to the lack of the objective gold standard method and the huge variability of the
wooden breast condition. One example of the variability is that the wooden breast condition
may not be spatially uniform in fillets. The study finding implied that a sensor fusion of
the sideview imaging and 3D imaging may provide a new insight into this problem. Fifth,
a monochrome machine vision camera can replace the current color camera used in the
study without loss of information.

6. Conclusions

The developed sideview imaging technology provided a new way of characterizing the
woody breast condition in fresh broiler breast fillets. The study showed how to objectively
measure the dynamic bending of boneless skinless breast fillets during poultry processing.
The classification evaluation results showed that the sideview image features measuring
the bending outperformed the conventional instrumental measurements including weight,
volume, thickness, and shear force. The normalized distance measure was the preferred
feature in differentiating the moderate and severe WBC fillets from the normal fillets.
The study findings also suggest the potential of using a shape morphology (average
thickness) in detecting the wooden breast fillets. The minimum distance measure feature
produced overall accuracy of 95%, balanced accuracy of 93%, F1 score of 0.96, and Matthews
correlation coefficient of 0.88 in detecting WB fillets moving at a high line speed of 100 feet
per minute.

7. Patents

U.S. and international patents resulting from the work reported in this manuscript
were granted on 24 March 2020 (US10596601B2 and WO/2018/213535). This manuscript is
an expanded scientific paper of the patent application.

Author Contributions: Conceptualization, S.-C.Y.; methodology, S.-C.Y.; software, S.-C.Y.; investi-
gation, S.-C.Y., B.C.B., H.Z. and K.C.L.; formal analysis, S.-C.Y.; writing—original draft preparation,
S.-C.Y.; writing—review and editing, S.-C.Y., B.C.B., H.Z. and K.C.L. All authors have read and agreed
to the published version of the manuscript.

Funding: This material is based upon work supported by the U.S. Department of Agriculture,
Agricultural Research Service, under Project No. 6040-41440-003-000-D.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not available.

Acknowledgments: The use of trade, firm, or corporation names in this publication is for the
information and convenience of the reader. Such use does not constitute an official endorsement or
approval by the United States Department of Agriculture or the Agricultural Research Service of any
product or service to the exclusion of others that may be suitable.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Petracci, M.; Mudalal, S.; Soglia, F.; Cavani, C. Meat Quality in Fast-Growing Broiler Chickens. World’s Poult. Sci. J. 2015, 71,

363–374. [CrossRef]
2. National Chicken Council. U.S. Broiler Performance. Available online: https://www.nationalchickencouncil.org/about-the-

industry/statistics/u-s-broiler-performance/ (accessed on 21 December 2021).

http://doi.org/10.1017/S0043933915000367
https://www.nationalchickencouncil.org/about-the-industry/statistics/u-s-broiler-performance/
https://www.nationalchickencouncil.org/about-the-industry/statistics/u-s-broiler-performance/


Sensors 2022, 22, 1036 19 of 19

3. Sihvo, H.-K.; Immonen, K.; Puolanne, E. Myodegeneration With Fibrosis and Regeneration in the Pectoralis Major Muscle of
Broilers. Vet. Pathol. 2014, 51, 619–623. [CrossRef] [PubMed]

4. De Brot, S.; Perez, S.; Shivaprasad, H.L.; Baiker, K.; Polledo, L.; Clark, M.; Grau-Roma, L. Wooden Breast Lesions in Broiler
Chickens in the UK. Vet. Rec. 2016, 178, 141. [CrossRef] [PubMed]

5. Kuttappan, V.A.; Hargis, B.M.; Owens, C.M. White Striping and Woody Breast Myopathies in the Modern Poultry Industry: A
Review. Poult. Sci. 2016, 95, 2724–2733. [CrossRef]

6. Gee, K. Bigger Chickens Bring a Tough New Problem: ‘Woody Breast’. Wall Str. J. 2016. Available online: https://www.wsj.com/
articles/bigger-chickens-bring-a-tough-new-problem-woody-breast-1459207291 (accessed on 24 January 2022).

7. Dalle Zotte, A.; Cecchinato, M.; Quartesan, A.; Bradanovic, J.; Puolanne, E. How Does Wooden Breast Myodegeneration Affect
Poultry Meat Quality? Archivos Latinoamericanos de Producción Animal. In Proceedings of the 60th International Congress of
Meat Science and Technology, Punta Del Este, Uruguay, 17–22 August 2014; p. 4.

8. Mudalal, S.; Lorenzi, M.; Soglia, F.; Cavani, C.; Petracci, M. Implications of White Striping and Wooden Breast Abnormalities on
Quality Traits of Raw and Marinated Chicken Meat. Animal 2015, 9, 728–734. [CrossRef]

9. Tijare, V.V.; Yang, F.L.; Kuttappan, V.A.; Alvarado, C.Z.; Coon, C.N.; Owens, C.M. Meat Quality of Broiler Breast Fillets with
White Striping and Woody Breast Muscle Myopathies. Poult. Sci. 2016, 95, 2167–2173. [CrossRef]

10. Brambila, G.S.; Bowker, B.C.; Chatterjee, D.; Zhuang, H. Descriptive Texture Analyses of Broiler Breast Fillets with the Wooden
Breast Condition Stored at 4 ◦C and −20 ◦C. Poult. Sci. 2018, 97, 1762–1767. [CrossRef]

11. Bowker, B.; Zhuang, H. Detection of Razor Shear Force Differences in Broiler Breast Meat Due to the Woody Breast Condition
Depends on Measurement Technique and Meat State1. Poult. Sci. 2019, 98, 6170–6176. [CrossRef]

12. Bowker, B.; Zhuang, H.; Yoon, S.C.; Tasoniero, G.; Lawrence, K. Relationships Between Attributes of Woody Breast and White
Striping Myopathies in Commercially Processed Broiler Breast Meat1. J. Appl. Poult. Res. 2019, 28, 490–496. [CrossRef]

13. Caldas-Cueva, J.P.; Owens, C.M. A Review on the Woody Breast Condition, Detection Methods, and Product Utilization in the
Contemporary Poultry Industry. J. Anim. Sci. 2020, 98, skaa207. [CrossRef]

14. Caldas-Cueva, J.P.; Mauromoustakos, A.; Sun, X.; Owens, C.M. Detection of Woody Breast Condition in Commercial Broiler
Carcasses Using Image Analysis. Poult. Sci. 2021, 100, 100977. [CrossRef] [PubMed]

15. Caldas-Cueva, J.P.; Mauromoustakos, A.; Sun, X.; Owens, C.M. Use of Image Analysis to Identify Woody Breast Characteristics in
8-Week-Old Broiler Carcasses. Poult. Sci. 2021, 100, 100890. [CrossRef] [PubMed]

16. Yang, Y.; Wang, W.; Zhuang, H.; Yoon, S.-C.; Bowker, B.; Jiang, H.; Pang, B. Evaluation of Broiler Breast Fillets with the Woody
Breast Condition Using Expressible Fluid Measurement Combined with Deep Learning Algorithm. J. Food Eng. 2021, 288, 110133.
[CrossRef]

17. Geronimo, B.C.; Mastelini, S.M.; Carvalho, R.H.; Barbon Júnior, S.; Barbin, D.F.; Shimokomaki, M.; Ida, E.I. Computer Vision
System and Near-Infrared Spectroscopy for Identification and Classification of Chicken with Wooden Breast, and Physicochemical
and Technological Characterization. Infrared Phys. Technol. 2019, 96, 303–310. [CrossRef]

18. Morey, A.; Smith, A.E.; Garner, L.J.; Cox, M.K. Application of Bioelectrical Impedance Analysis to Detect Broiler Breast Filets
Affected With Woody Breast Myopathy. Front. Physiol. 2020, 11, 808. [CrossRef]

19. Wold, J.P.; Veiseth-Kent, E.; Høst, V.; Løvland, A. Rapid On-Line Detection and Grading of Wooden Breast Myopathy in Chicken
Fillets by near-Infrared Spectroscopy. PLoS ONE 2017, 12, e0173384. [CrossRef]

20. Wold, J.P.; Måge, I.; Løvland, A.; Sanden, K.W.; Ofstad, R. Near-Infrared Spectroscopy Detects Woody Breast Syndrome in
Chicken Fillets by the Markers Protein Content and Degree of Water Binding. Poult. Sci. 2019, 98, 480–490. [CrossRef]

21. Yoon, S.-C.; Bowker, B.C.; Zhuang, H. Toward a Fusion of Optical Coherence Tomography and Hyperspectral Imaging for Poultry
Meat Quality Assessment. In Proceedings of the Electronic Imaging, San Francisco, CA, USA, 14 February 2016; Volume 2016,
pp. 1–5.

22. Yoon, S.C.; Bowker, B.C.; Zhuang, H.; Lawrence, K.C.; Heitschmidt, G.W.; Shin, T.S. Imaging System for Sorting Poultry Meat
with Wooden Breast Myopathy. U.S. Patent Number 10,596,601, 24 March 2020.

23. Yoon, S.C.; Park, B.; Lawrence, K.C.; Windham, W.R.; Heitschmidt, G.W. Line-Scan Hyperspectral Imaging System for Real-Time
Inspection of Poultry Carcasses with Fecal Material and Ingesta. Comput. Electron. Agric. 2011, 79, 159–168. [CrossRef]

24. Yang, L. An Image Analysis System for Measuring Shape and Motion of White Blood Cells from a Sequence of Fluorescence
Microscopy Images. Master’s Thesis, University of Oslo, Oslo, Norway, 1994.

25. De Souza, M.M.S.; Medeiros, F.N.S.; Ramalho, G.L.B.; de Paula, I.C., Jr.; Oliveira, I.N.S. Evolutionary Optimization of a Multiscale
Descriptor for Leaf Shape Analysis. Expert Syst. Appl. 2016, 63, 375–385. [CrossRef]

26. Pang, B.; Bowker, B.; Yang, Y.; Zhang, J.; Zhuang, H. Relationships between Instrumental Texture Measurements and Subjective
Woody Breast Condition Scores in Raw Broiler Breast Fillets. Poult. Sci. 2020, 99, 3292–3298. [CrossRef]

27. Kuttappan, V.A.; Bottje, W.; Ramnathan, R.; Hartson, S.D.; Coon, C.N.; Kong, B.-W.; Owens, C.M.; Vazquez-Añon, M.; Hargis,
B.M. Proteomic Analysis Reveals Changes in Carbohydrate and Protein Metabolism Associated with Broiler Breast Myopathy.
Poult. Sci. 2017, 96, 2992–2999. [CrossRef] [PubMed]

http://doi.org/10.1177/0300985813497488
http://www.ncbi.nlm.nih.gov/pubmed/23892375
http://doi.org/10.1136/vr.103561
http://www.ncbi.nlm.nih.gov/pubmed/26755613
http://doi.org/10.3382/ps/pew216
https://www.wsj.com/articles/bigger-chickens-bring-a-tough-new-problem-woody-breast-1459207291
https://www.wsj.com/articles/bigger-chickens-bring-a-tough-new-problem-woody-breast-1459207291
http://doi.org/10.1017/S175173111400295X
http://doi.org/10.3382/ps/pew129
http://doi.org/10.3382/ps/pew327
http://doi.org/10.3382/ps/pez334
http://doi.org/10.3382/japr/pfz007
http://doi.org/10.1093/jas/skaa207
http://doi.org/10.1016/j.psj.2020.12.074
http://www.ncbi.nlm.nih.gov/pubmed/33632474
http://doi.org/10.1016/j.psj.2020.12.003
http://www.ncbi.nlm.nih.gov/pubmed/33516486
http://doi.org/10.1016/j.jfoodeng.2020.110133
http://doi.org/10.1016/j.infrared.2018.11.036
http://doi.org/10.3389/fphys.2020.00808
http://doi.org/10.1371/journal.pone.0173384
http://doi.org/10.3382/ps/pey351
http://doi.org/10.1016/j.compag.2011.09.008
http://doi.org/10.1016/j.eswa.2016.07.016
http://doi.org/10.1016/j.psj.2019.12.072
http://doi.org/10.3382/ps/pex069
http://www.ncbi.nlm.nih.gov/pubmed/28499042

	Introduction 
	Description of Imaging System 
	System Overview 
	System Description 
	Imaging Condition 

	Description of Imaging Processing Algorithm 
	Motion Sensing 
	Fillet Object Segmentation and Analysis 
	Bending Shape Description by Bending Energy 
	Bending Shape Description by Minimum Distance 

	Experimental Design and Analysis 
	Broiler Breast Fillet Samples 
	Statistical Analysis and Performance Evaluation 

	Results and Discussion 
	Imaging Results 
	Effects of Physical Features 
	Effect of Sideview Image-Based Shape Features 
	Analysis of Sideview Image Features Measuring Fillet Bending 
	Performance of Classification Models in Predicting WBC 
	Limitations and Future Work 

	Conclusions 
	Patents 
	References

