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Abstract
Objective To develop a fully automated full-thickness cartilage segmentation and mapping of T1, T1ρ, and T2*, as well as
macromolecular fraction (MMF) by combining a series of quantitative 3D ultrashort echo time (UTE) cones MR imaging with a
transfer learning–based U-Net convolutional neural networks (CNN) model.
Methods Sixty-five participants (20 normal, 29 doubtful-minimal osteoarthritis (OA), and 16 moderate-severe OA) were
scanned using 3D UTE cones T1 (Cones-T1), adiabatic T1ρ (Cones-AdiabT1ρ), T2* (Cones-T2*), and magnetization
transfer (Cones-MT) sequences at 3 T. Manual segmentation was performed by two experienced radiologists, and
automatic segmentation was completed using the proposed U-Net CNN model. The accuracy of cartilage segmentation
was evaluated using the Dice score and volumetric overlap error (VOE). Pearson correlation coefficient and intraclass
correlation coefficient (ICC) were calculated to evaluate the consistency of quantitative MR parameters extracted from
automatic and manual segmentations. UTE biomarkers were compared among different subject groups using one-way
ANOVA.
Results The U-Net CNN model provided reliable cartilage segmentation with a mean Dice score of 0.82 and a mean VOE of
29.86%. The consistency of Cones-T1, Cones-AdiabT1ρ, Cones-T2*, and MMF calculated using automatic and manual seg-
mentations ranged from 0.91 to 0.99 for Pearson correlation coefficients, and from 0.91 to 0.96 for ICCs, respectively. Significant
increases in Cones-T1, Cones-AdiabT1ρ, and Cones-T2* (p < 0.05) and a decrease in MMF (p < 0.001) were observed in
doubtful-minimal OA and/or moderate-severe OA over normal controls.
Conclusion Quantitative 3D UTE cones MR imaging combined with the proposed U-Net CNN model allows a fully automated
comprehensive assessment of articular cartilage.
Key Points
• 3D UTE cones imaging combined with U-Net CNN model was able to provide fully automated cartilage segmentation.
• UTE parameters obtained from automatic segmentation were able to reliably provide a quantitative assessment of cartilage.
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Abbreviations
AFI Actual flip angle imaging
CNN Convolutional neural networks
FOV Field of view
MMF Macromolecular fraction
MSK Musculoskeletal
MT Magnetization transfer
NIR Number of adiabatic inversion pulses
OA Osteoarthritis
RF Radiofrequency
RP Rectangular pulse
SD Standard deviation
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TE Echo time
TR Repetition time
UTE Ultrashort echo time
VFA Variable flip angle

Introduction

Though conventional MRI may detect the morphological
changes in articular cartilage associated with osteoarthritis
(OA), these changes typically occur during the late stages of
OA when treatment is much less effective. The development
of novel MRI techniques capable of detecting changes that
occur in the early stages of OA, alterations in proteoglycan
(PG) and collagen which may even be present while cartilage
is still considered intact, will be critical to improving disease
diagnosis and treatment opportunity [1]. A large number of
studies suggest that quantitative measurement of T1, T2, T2*,
and T1ρ, as well as magnetization transfer (MT) effects, may
provide a portfolio of sensitive biomarkers that would facili-
tate effective and comprehensive monitoring of the progres-
sion of OA and would guide better assessment of disease
treatment in vivo. For example, T2 and T2* have been shown
to be sensitive to collagen degradation [2, 3], T1ρ has been
shown to be sensitive to PG depletion [4, 5], and T1 has been
shown to be sensitive to water content in cartilage [6]. MT
ratio (MTR) and, in particular, MT modeling of macromolec-
ular fraction (MMF) have been shown to be sensitive to
changes in macromolecules (e.g., PG and collagen) [7].

It is well-known that cartilage contains both long and short
T2 tissue components. These include the more superficial
layers which have long T2s and can be imaged with conven-
tional MRI sequences, and the deep radial and calcified layers
which have very short T2s and are “invisible” with conven-
tional MRI [8]. Fortunately, ultrashort echo time (UTE) MR
sequences with echo times (TEs) ~ 100 times shorter than the
TEs of conventional sequences are able to directly image these
short T2 tissues whose alterations may contribute to OA and
its symptoms [9–12]. Furthermore, with the widening accep-
tance of OA as a whole-organ disease, the development and
validation of novel sequences which can provide a quantita-
tive assessment of all the disease’s major joint components are
necessary for a truly comprehensive evaluation of OA [13,
14]. A series of 3D UTE cones sequences to measure T1
(Cones-T1), adiabatic T1ρ (Cones-AdiabT1ρ), T2* (Cones-
T2*), and MMF (by modeling Cones-MT data) of various
musculoskeletal (MSK) tissues had been proposed [15–18].

Typically, in order to acquire the quantitative MR parame-
ters for the assessment of cartilage, the bone-cartilage inter-
face and the boundary between cartilage and its adjacent struc-
tures must first be determined over the entire articulating sur-
face. This segmentation process is time-consuming and prone
to inter-observer variability and bias by manual methods [19,

20]. There has been great interest in developing an accurate
and fully automatedmethod to segment cartilage which would
allow a more seamless workflow to obtain quantitative
biomarkers.

Recently, deep learning has surfaced as a powerful ma-
chine learning approach. Unlike traditional machine learning
techniques, which require a considerable amount of expertise
and experience in data engineering and computer science to
design and operate the networks, deep learning is a simple and
versatile method based on a purely data-driven approach that
can be easily adapted to a diverse array of datasets and prob-
lems [21, 22]. One such deep learning technique, U-Net, is
based on deep convolutional neural networks (CNNs), effec-
tive networks that can process images and which are based on
a fully convolutional network comprised of two main paths:
an encoder (or contracting) path and a decoder (or expansive)
path. Moreover, shortcut connections are commonly added
between the layers to improve object localization [23]. The
purpose of this study was to develop a comprehensive ap-
proach for fully automated knee cartilage segmentation and
extraction of quantitative parameters, including Cones-T1,
Cones-AdiabT1ρ, and Cones-T2* relaxometry, and MMF,
by combining a series of quantitative 3D UTE cones MR
imaging with a transfer learning-based U-Net CNN model.

Methods

Subjects

The study was approved by the local Institutional Review
Board. A total of 65 human subjects (54.8 ± 16.9 years; 33
females) were included in the study, and informed consent
was obtained from all subjects. According to the condensed
Kellgren–Lawrence (KL) grade [24], subjects were catego-
rized into three groups: normal controls (20, KL = 0),
doubtful-minimal OA (29, KL = 1–2), and moderate-severe
OA (16, KL = 3–4). The whole-knee joint (29 left, 36 right)
was scanned using a transmit/receive 8-channel knee coil on a
3-T clinical MR system (MR750, GE Healthcare
Technologies).

MRI protocol

The protocol included a series of 3D UTE cones sequences to
measure Cones-T1, Cones-AdiabT1ρ, Cones-T2*, and MMF.
Cones-T1 was performed based on actual flip angle imaging
followed by variable flip angle (AFI-VFA) imaging, where four
different flip angles (5°, 10°, 20°, and 30°) were applied [15].
Cones-AdiabT1ρ was performed using paired adiabatic inver-
sion pulse (Silver-Hoult pulse, duration = 6 ms,
bandwidth = 1500 Hz) for magic angle-insensitive spin-locking
[16, 25]. The degree of spin-locking was controlled by
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changing the number of adiabatic inversion pulses (NIR) be-
tween 0, 2, 4, 6, 8, 12, and 16. Cones-T2* was performed using
fat-suppressed multi-echo UTE imaging (TEs = 0.032, 4.4, 8.8,
13.2, 17.6, and 22 ms). MMF was calculated from 3D UTE
Cones-MT data with three radiofrequency (RF) powers (500°,
1000°, and 1500°) and five frequency offsets (2, 5, 10, 20, and
50 kHz) using a two-pool UTE-MT model [18, 26]. Other
parameters included sagit tal plane, field of view
(FOV) = 15 × 15 × 10.8 cm3, receiver bandwidth = 166 kHz,
and matrix = 256 × 256 × 36 (except for AFI, where a smaller
matrix of 128 × 128 × 18 was used). The total scan time for all
four UTE cones sequences was approximately 45 min.

Input data processing

Motion registration was applied to all 3D UTE Cones images
using Elastix software [27], where a rigid affine transformwas
followed by a non-rigid b-spline registration [28]. Cones-
AdiabT1ρ-weighted images with an NIR of 2, which provided
the best cartilage contrast, were manually segmented by two
MSK radiologists (Rad1 and Rad2) with 18 and 13 years of
experience, respectively, and were input to the CNN model as
ground truth. The same manual segmentation masks were ap-
plied to registered Cones-T1, Cones-T2*, and Cones-MT data
for subsequent processing. The input images were pre-
processed using a local contrast normalization [29] before
inputting to the CNN model along with the corresponding
manual labels of cartilage. Then, the 3D images were broken
into 2D images (24 central slices were selected from each
subject), which were input to the CNN model. All 65 subjects
were divided into 40, 10, and 15 subjects for training, valida-
tion, and testing. Note that a validation dataset is commonly
required to ensure an unbiased evaluation of model fit while
tuning hyper-parameters in training. The training data were
augmented by image rotation (5, 0, or − 5°) with or without
horizontal flipping to produce six times larger training data.

The images were analyzed using MATLAB 2017b (The
MathWorks Inc.). A single-component model was applied to
fit Cones-T1, Cones-AdiabT1ρ, and Cones-T2* using non-
linear optimization based on a Levenberg–Marquardt algo-
rithm, as described in earlier publications [15–17]. Amodified
rectangular pulse (RP) approximation model was applied to
the Cones-MT data to extract MMF [30]. Morphological 3D
UTE cones images as well as quantitative maps were then
input to our CNN model for further processing.

CNN model architecture

In this study, we used a modified attention U-Net CNNmodel
for cartilage segmentation. The U-Net architecture for this
model has achieved excellent segmentation performance in
the past [23, 31]. In a standard U-Net CNN model, feature
maps from the encoder path are directly transferred to the

decoder path. Our network, on the other hand, includes atten-
tion gates which process feature maps propagated through
skip connections from the encoder path in order to suppress
irrelevant regions of the transferred feature maps and improve
the model’s learning process. As shown in Fig. 1, the attention
gates of our model account for output of decoder
convolutional blocks in order to determine what the important
regions of the image are and consequently filter feature maps
accordingly from the encoder path. Networks equipped with
attention gates are usually able to focus better on important
image structures and therefore provide better segmentation
performance [32]. Since automatic cartilage segmentation is
considered a technical challenge owing to the tissue’s irregu-
lar shape and the fact that it constitutes only a small portion of
the entire image, our network’s inclusion of the attention
mechanism is a significant improvement over the standard
model’s ability to effectively account for imaging variations
in cartilage appearance.

Deep learning models in medical image analysis are com-
monly developed using transfer learning methods to allow
robust training despite a limited number of input data, with
the aim to leverage deep CNN pre-trained on non-medical
image datasets [33]. The first convolutional blocks in pre-
trained deep models can be used to extract generic features
from input images [34]. Building on this, we applied a new
transfer learning method in this study to improve the net-
work’s learning process and its object recognition capabilities.
The first two convolutional blocks were replaced with the
corresponding blocks from the VGG19 CNN pre-trained on
the ImageNet dataset [35]. As a result, our network could
extract generic features from input MR images and use them
to develop more task-specific high-level features in deeper
encoder convolutional blocks [36]. To further improve perfor-
mance, we applied the matching layer technique: we added a
1D convolutional block to the front of our network in order to
automatically convert input MR images from grayscale to Red
Green Blue (RGB) since the VGG19 CNN was originally
developed using RGB images, but MR images are grayscale
[37].

Implementation of CNN

Our U-Net CNN model was trained to maximize the Dice
coefficient–based loss function:

LOSS ¼ 1−
2 X∩Yj j
Xj j þ Yj j ð1Þ

where X and Y represent manual and automatic segmentations,
respectively. The Dice score–based cost function is a good
choice for imbalanced data (i.e., when the objects to be seg-
mented, namely cartilage in this case, vary significantly in
shape [38].
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We developed two segmentation networks using ROIs
provided by Rad1 (i.e., CNN1) and Rad2 (i.e., CNN2),
respectively, as ground truth. Each U-Net was trained
using the backpropagation method with an Adam optimiz-
er to maximize the Dice score on the validation set. The
initial learning rate was equal to 0.001 and exponentially
decreased five epochs each time the Dice score on the
validation set reached plateau. After training, the models
which performed best on the validation set were selected
for further evaluation on the test set. Networks were im-
plemented and trained in Keras with Tensorflow backend
[39].

Statistical analysis

The Dice score was used to evaluate the accuracy of segmen-
tation. Dice score was defined as

Dice score ¼ 2 jX∩Y j
Xj j þ jY j ;

ð2Þ

where X and Y represent manual and automatic segmenta-
tion, respectively, of the same cartilage. The Dice score
was between 0 and 1, with a value of 1 indicating perfect
segmentation and a value of 0 indicating no overlap what-
soever [23, 40]. Volumetric overlap error (VOE) was also
calculated to evaluate the accuracy of segmentation. VOE

was defined as.

VOE ¼ 100 1−
X∩Yj j
X∪Yj j

� �
ð3Þ

with a smaller VOE value indicating more accurate seg-
mentation [19, 40].

Pearson correlation coefficient and intraclass correlation
coefficient (ICC) were used to assess the consistency of
relaxometry and MMF between the radiologists and CNN
models. The pixel-wise parameters were estimated based on
cartilage segmentation and compared using one-way ANOVA
among different subject groups. All statistical analyses were
performed with SPSS 26.0 (IBM). p < 0.05 indicated a signif-
icant difference.

Results

Segmentation performance

As shown in Fig. 2, the CNN models provided reliable carti-
lage segmentation that was similar to the results provided by
manual segmentation. Three representative subjects (A, 24-
year-old female, KL = 0; B, 43-year-old male, KL = 1; and
C, 74-year-old female, KL = 3) were chosen to depict the
input 3D UTE cones images, corresponding manual labels
drawn by Rad1 and Rad2, and resultant labels produced by

Fig. 1 The architecture of the proposed 2D attention U-Net CNN model for automatic cartilage segmentation. Note that the blocks shaded in gray
indicate the weights initialized from the VGG19 network for transfer learning
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CNN1 and CNN2. Strong inter-observer agreement was
shown between Rad1 and CNN1 or between Rad2 and
CNN2, where the morphology of labels produced by each
CNN model showed high similarity with labels produced by
the corresponding radiologist.

MeanDice scores were 0.81 ± 0.11 for Rad1 vs. CNN1 and
0.82 ± 0.08 for Rad2 vs. CNN2, respectively (see Table 1).
Dice score was 0.87 for CNN1 and CNN2, which was higher
than the Dice score between Rad1 and Rad2 (0.83), indicating
improved inter-observer agreement in automatic segmentation
over manual segmentation. The mean values of VOE between
manual and automatic segmentations were 28.43 ± 7.31%,
30.43 ± 13.03%, 29.28 ± 10.83%, and 22.15 ± 10.51% for
Rad1 vs. Rad2, Rad1 vs. CNN1, Rad2 vs. CNN2, and CNN1
vs. CNN2, respectively.

Quantitative MR parameters

The average values and ICCs of Cones-T1, Cones-
AdiabT1ρ, Cones-T2*, and MMF calculated based on

pixel-wise parameter map from manual and automatic
segmentations, respectively, are listed in Table 2. The
ICCs of these parameters were highly consistent between
the two radiologists and the CNN models. Figures 3, 4, 5,
and 6 show scatter plots for these parameters between

Fig. 2 The segmentation performance of the CNN model in three
representative subjects. a In a 24-year-old female, KL = 0: Dice score =
0.89, VOE = 20.06% for Rad1 vs. CNN1 and Dice score = 0.87, VOE =
22.38% for Rad2 vs. CNN2, respectively. Compared to coefficients be-
tween Rad1 and Rad2 (Dice score = 0.85, VOE = 25.76%), CNN1 and
CNN2 yielded a higher Dice score of 0.93 and a lower VOE of 13.20%. b
In a 43-year-old male, KL = 1: Dice score = 0.88, VOE = 21.96% for
Rad1 vs. CNN1 and Dice score = 0.91, VOE = 16.73% for Rad2 vs.

CNN2, respectively. Compared to coefficients between Rad1 and Rad2
(Dice score = 0.84, VOE = 27.97%), CNN1 and CNN2 yielded a higher
Dice score of 0.92 and a lower VOE of 15.08%. c In a 74-year-old female,
KL = 3: Dice score = 0.84, VOE = 28.00% for Rad1 vs. CNN1 and Dice
score = 0.86, VOE = 24.74% for Rad2 vs. CNN2, respectively.
Compared to coefficients between Rad1 and Rad2 (Dice score = 0.87,
VOE = 22.41), CNN1 and CNN2 yielded a higher Dice score of 0.92
and a lower VOE of 14.94%

Table 1 Average Dice scores and VOE (mean ± SD) calculated using
manual and automatic segmentations

Groups Rad1 Rad2 CNN1 CNN2

Rad1 Dice score 1
VOE (%)

Rad2 Dice score 0.83 ± 0.05 1
VOE (%) 28.43 ± 7.31

CNN1 Dice score 0.81 ± 0.11 0.80 ± 0.10 1
VOE (%) 30.43 ± 13.03 32.07 ± 11.85

CNN2 Dice score 0.81 ± 0.10 0.82 ± 0.08 0.87 ± 0.08 1
VOE (%) 30.57 ± 12.00 29.28 ± 10.83 22.15 ± 10.51

Note: VOE, volumetric overlap error; CNN, convolutional neural net-
works; Rad, radiologist
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Rad1 vs. CNN1, Rad2 vs. CNN2, Rad1 vs. Rad2, and
CNN1 vs. CNN2, with corresponding Pearson correlation
coefficients ranging from 0.91 to 0.99, respectively.

Performance in OA evaluation

The average values of Cones-T1, Cones-AdiabT1ρ, Cones-
T2*, and MMF for normal controls and OA patients

Table 2 Values of Cones-T1,
Cones-AdiabT1ρ, Cones-T2*,
andMMF (mean ± SD) calculated
using manual and automatic
segmentations, and the
consistency evaluation using ICC
between radiologists and CNN
models

Groups Cones-T1 (ms) Cones-AdiabT1ρ (ms) Cones-T2* (ms) MMF (%)

Rad1 975.24 ± 127.94 41.45 ± 4.59 30.67 ± 7.54 10.66 ± 1.00

Rad2 971.46 ± 120.21 41.45 ± 4.34 30.39 ± 7.39 10.65 ± 1.00

CNN1 973.57 ± 122.75 41.51 ± 4.41 30.95 ± 7.69 10.71 ± 1.00

CNN2 971.11 ± 119.62 41.61 ± 4.41 30.48 ± 7.32 10.67 ± 1.04

ICC1 0.93*** 0.91*** 0.94*** 0.91***

ICC2 0.93*** 0.93*** 0.94*** 0.92***

ICC3 0.94*** 0.93*** 0.96*** 0.95***

ICC4 0.95*** 0.95*** 0.95*** 0.95***

CNN, convolutional neural networks; Rad, radiologist; MMF, macromolecular fraction; ICC, intraclass correla-
tion coefficient; ICC1, consistency for CNN1 vs. Rad1; ICC2, consistency for CNN2 vs. Rad2; ICC3, consistency
for Rad1 vs. Rad2; ICC4, consistency for CNN1 vs. CNN2

Note: ***p < 0.001

Fig. 3 Scatter plots for average Cones-T1 values obtained with manual and automatic segmentations provided by the radiologists and CNN models,
respectively. a–d The relationships of Cones-T1 values for Rad1 vs. CNN1, Rad2 vs. CNN2, Rad1 vs. Rad2, and CNN1 vs. CNN2
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calculated based on manual and automatic segmentations, re-
spectively, are presented in Table 3. High consistency was
observed between the two radiologists and the CNN models.
Significant increases in T1, T1ρ, and T2* values (p < 0.05), as
well as a decrease in MMF (p < 0.001), were observed in
doubtful-minimal OA and/or moderate-severe OA compared
with normal controls, suggesting that fully automated quanti-
tative UTE biomarkers may be used for evaluation of OA.

Discussion

In this study, we evaluated a transfer learning–based U-
Net CNN model to automatically segment whole-knee
full-thickness cartilage and to extract quantitative param-
eters in 3D UTE cones MR imaging in vivo. Maps of
Cones-T1, Cones-AdiabT1ρ, and Cones-T2* relaxometry,
as well as MMF, were automatically generated for whole-

knee cartilage. The robustness of this novel approach was
validated by high consistency in global mean values of
Cones-T1, Cones-AdiabT1ρ, Cones-T2*, and MMF be-
tween manually and automatically segmented cartilage.
Significant increases in T1, T1ρ, and T2* values, as well
as a decrease in MMF, were observed in doubtful-
minimal OA and/or moderate-severe OA compared with
normal controls. In particular, a significant difference was
seen between doubtful-minimal OA and moderate-severe
OA for Cones-AdiabT1ρ and MMF. Our preliminary re-
sults suggest the potential of fully automated panels of
quantitative UTE biomarkers for comprehensive evalua-
tion of OA. To the best of our knowledge, this is the first
time that a CNN model with transfer learning has been
used to segment whole-knee full-thickness cartilage in 3D
UTE cones MR imaging for accurate assessment of carti-
lage relaxometry and MT effect in normal volunteers and
OA patients.

Fig. 4 Scatter plots for average Cones-AdiabT1ρ values obtained with manual and automatic segmentations provided by the radiologists and CNN
models, respectively. a–d show the relationships of Cones-AdiabT1ρ for Rad1 vs. CNN1, Rad2 vs. CNN2, Rad1 vs. Rad2, and CNN1 vs. CNN2
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The labels used as ground truth for evaluating the model’s
performance were manually generated by two MSK radiolo-
gists. Dice score and VOE were calculated to evaluate the
accuracy of cartilage segmentation. The proposed CNNmodel
produced high Dice score and low VOE, meaning that our
CNN model was able to accurately segment cartilage. Dice
score and VOE of the CNN model were comparable to or
outperformed those from other state-of-the-art techniques pro-
posed for automatic cartilage segmentation in the literature.
For example, Pang et al reported a mean Dice score of 0.76
using their proposed pattern recognition-based approach [41].
A mean Dice score of 0.72 was reported by Lee et al using
their atlas-based method [42]. More recently, advanced
methods based on CNN showed improved performance,
where Liu et al [19] reported a mean VOE of 33.1% with
SegNet combined with deformable modeling and Raj et al
[43] reported a mean Dice score of 0.83 and a mean VOE of
~ 28–29% with U-Net. However, it is difficult to directly

compare the different studies performed using different input
datasets, and more systematic comparison will be required for
this purpose.

Compared to coefficients between Rad1 and Rad2, CNN1
and CNN2 yielded a higher Dice score and a lower VOE,
suggesting that the CNN model better compensated for
inter-observer variability and bias. Pearson correlation coeffi-
cients and ICCs between MR parameters, namely Cones-T1,
Cones-AdiabT1ρ, Cones-T2*, and MMF, estimated using
manual and automatic segmentations reached a high level of
consistency, indicating that the CNN model can precisely ex-
tract quantitative biomarkers from automatically segmented
cartilage. Among the results, the ICC reached 0.94 between
the radiologists and the CNN models. The ICC between the
two CNN models was 0.95, similar to the ICC between the
two radiologists (0.96), indicating that biomarkers extracted
using the CNN model are at least as accurate, if not more
accurate, than those extracted using manual methods.

Fig. 5 Scatter plots for average Cones-T2* values obtained with manual and automatic segmentations provided by the radiologists and CNN models,
respectively. a–d The relationships of Cones-T2* for Rad1 vs. CNN1, Rad2 vs. CNN2, Rad1 vs. Rad2, and CNN1 vs. CNN2
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In previous studies, Norman et al [44] presented a similar
U-net CNNmodel applied to two conventionalMR sequences
to perform cartilage segmentation and extraction of T1ρ and
T2 relaxometry. Byra et al [23] applied a similar U-Net CNN
model to segment menisci and determine meniscal
relaxometry. Our CNN model provides not only automatic
segmentation of whole-knee full-thickness cartilage but also
mapping of Cones-T1, Cones-T2*, Cones-AdiabT1ρ, and
MMF. Those UTE biomarkers may provide a comprehensive
quantitative assessment of macromolecules (e.g., PG deple-
tion and collagen degradation), all of which may occur during
the early stages of OA before the typically observed morpho-
logical changes occur.

While our initial results are promising, there are several
limitations to our study. First, the size of our training dataset
was limited to 40 subjects. While our CNN model greatly
reduced the size of the dataset necessary for successful net-
work training, there still needs to investigate the optimal num-
ber of training data points for more robust segmentation.

Second, in order to achieve a high enough SNR for reliable
quantification of parameters under a reasonable scan time, an
anisotropic resolution was used for cartilage imaging, where
the relatively poor slice resolution and the curved cartilage
surface may have led to significant partial volume artifact,
and therefore errors in deep learning–based segmentation.
This is a big challenge in quantitative MR imaging which
might be solved or alleviated through higher performance
hardware and more advanced image reconstruction algo-
rithms. Third, since simple global mean values were used to
evaluate OA, it is likely that regional analysis would signifi-
cantly improve the diagnosis. Panels of UTE biomarkers
could also have been used for spatial pattern analysis [45] to
further improve diagnosis of the varying degrees of OA.
Finally, the comprehensive approach developed in this study
needs to be applied to other MSK tissues in the knee joint,
including the menisci, ligaments, tendons, and bone, in order
to provide a truly whole-organ approach for the assessment of
knee joint degeneration [13, 46].

Fig. 6 Scatter plots for average MMF values obtained with manual and automatic segmentations provided by the radiologists and CNN models,
respectively. a–d The relationships of MMF for Rad1 vs. CNN1, Rad2 vs. CNN2, Rad1 vs. Rad2, and CNN1 vs. CNN2
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In conclusion, our automated knee cartilage segmentation
technique combined with quantitative 3D UTE cones MR
imaging to map Cones-T1, Cones-AdiabT1ρ, Cones-T2*,
and MMF achieved performance that was comparable with
two experienced radiologists. The efficiency and accuracy of
this technology make it suitable as a key tool for obtaining
quantitative UTE biomarkers for the assessment of OA in
imaging studies and clinical trials.
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