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A B S T R A C T

Osteoporosis is a bone disorder characterized by bone loss and decreased bone strength. The most widely used
technique for detection of osteoporosis is the measurement of bone mineral density (BMD) using dual energy X-
ray absorptiometry (DXA). But DXA scans are expensive and not widely available in low-income economies. In
this paper, we propose a low cost pre-screening tool for the detection of low bone mass, using cortical radio-
grammetry of third metacarpal bone and trabecular texture analysis of distal radius from hand and wrist
radiographs. An automatic segmentation algorithm to automatically locate and segment the third metacarpal
bone and distal radius region of interest (ROI) is proposed. Cortical measurements such as combined cortical
thickness (CCT), cortical area (CA), percent cortical area (PCA) and Barnett Nordin index (BNI) were taken from
the shaft of third metacarpal bone. Texture analysis of trabecular network at the distal radius was performed
using features obtained from histogram, gray level Co-occurrence matrix (GLCM) and morphological gradient
method (MGM). The significant cortical and texture features were selected using independent sample t-test and
used to train classifiers to classify healthy subjects and people with low bone mass. The proposed pre-screening
tool was validated on two ethnic groups, Indian sample population and Swiss sample population. Data of 134
subjects from Indian sample population and 65 subjects from Swiss sample population were analysed. The
proposed automatic segmentation approach shows a detection accuracy of 86% in detecting the third metacarpal
bone shaft and 90% in accurately locating the distal radius ROI. Comparison of the automatic radiogrammetry to
the ground truth provided by experts show a mean absolute error of 0.04mm for cortical width of healthy group,
0.12 mm for cortical width of low bone mass group, 0.22mm for medullary width of healthy group, and 0.26mm
for medullary width of low bone mass group. Independent sample t-test was used to select the most discriminant
features, to be used as input for training the classifiers. Pearson correlation analysis of the extracted features with
DXA-BMD of lumbar spine (DXA-LS) shows significantly high correlation values. Classifiers were trained with
the most significant features in the Indian and Swiss sample data. Weighted KNN classifier shows the best test
accuracy of 78% for Indian sample data and 100% for Swiss sample data. Hence, combined automatic radio-
grammetry and texture analysis is shown to be an effective low cost pre-screening tool for early diagnosis of
osteoporosis.

1. Introduction

Osteoporosis is a skeletal disorder caused by low bone mass and
deterioration of bone structure, resulting in a high susceptibility to
fragility fracture of hip, spine and wrist. Osteoporosis is one of the most
widespread diseases of the world. It occurs commonly in the elderly
population and is more prevalent among women than men (Pande

et al., 2006). Being an asymptomatic and painless disease, it is often
detected only after occurrence of a fragility fracture. Hence, an early
detection of osteoporosis is essential for prevention of osteoporosis-re-
lated fractures.

World Health Organization (WHO) recommends measurement of
bone mineral density (BMD) using Dual Energy X-ray absorptiometry
(DXA) for the diagnosis of osteoporosis. Depending on the T-scores,
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people can be categorized into four categories, namely, Normal for T-
score ≥−1, Osteopenia for T-score between −1 and −2.5,
Osteoporosis for T-score ≤−2.5, and Severe osteoporosis if T-score<
−2.5 and accompanied with a fragility fracture. Taking as reference
the BMD of Caucasian women aged between 20 and 29 years, T-score is
calculated as the ratio of the difference between estimated BMD and
reference BMD to the standard deviation (WHO, 2007). For each in-
crease in standard deviation above or below the mean, T-score increases
or decreases by 1, respectively.

Although DXA is considered as the gold standard method used for
diagnosis of osteoporosis, it suffers from limited availability of DXA
machines and high cost of scans in low income economies (IOF, 2013)
Cortical radiogrammetry has proved to be a cost effective technique for
the detection of bone loss using radiographs (Adami et al., 1996;
Anburajan et al., 2001; Barnett and Nordin, 1960; Raheja, 2008; Seo
et al., 1994; Shankar et al., 2010; Thodberg et al., 2010; Sam et al.,
2017). Digital X-ray Radiogrammetry (DXR) is a computerized cortical
radiogrammetric technique being widely explored for the detection of
bone diseases like osteoporosis, rheumatoid arthritis, etc. (Böttcher
et al., 2004; Rosholm et al., 2001; Ward et al., 2003). However, cortical
radiogrammetry measures the cortical bone features alone and does not
analyze the trabecular bone texture. The onset of osteoporosis affects
the trabecular bone structure before showing a remarkable reduction of
cortical bone. Also, the measurement of BMD alone cannot predict the
risk of fractures (Mccreadie and Goldstein, 2000). The strength and
quality of bone can also be characterized by non-BMD determinants
such as micro-architecture of bone. Numerous work have shown the
ability of texture analysis of calcaneal trabecular bone in diagnosing
osteoporosis and detecting osteoporosis-related fractures (El Hassani
et al., 2012; Jennane et al., 2014; Vokes et al., 2010; Yger, 2014).
Hence, combining cortical radiogrammetry with texture analysis of
trabecular bone can improve the early diagnosis of osteoporosis.

In this paper, we propose a pre-screening tool for detection of low
bone mass using cortical radiogrammetry of third metacarpal bone and
texture analysis of trabecular bone of distal radius from hand and wrist
radiographs. The proposed low cost pre-screening tool can be used for
mass screening of people for the detection of low bone mass. For this, a
hand and wrist X-ray image of the patient is acquired. The developed
software automatically segments the ROIs from which features are ex-
tracted and the trained classifier uses these features to classify the pa-
tients as healthy or having low bone mass. Those patients detected with
low bone mass for further analysis using DXA and other tests.

An automatic segmentation approach to automatically locate and
segment the third metacarpal bone shaft and distal radius region of
interest (ROI) using mathematical morphological operations and wa-
tershed segmentation is proposed. Since osteoporosis is a systemic
disease in which bone loss occurs in the whole body, measurement of
bone loss in any part of the skeletal body reflects the bone loss at all
other parts. Hence, analysis of metacarpal bone and distal radius would
be sufficient to detect loss in bone mass. Cortical radiogrammetric
measurements are taken from the shaft of third metacarpal bone and
bone indices such as combined cortical thickness (CCT), percent cortical
area (PCA), Barnett Nordin index (BNI), etc. are calculated. Texture of
the trabecular bone of the distal radius ROI is analyzed using texture
analysis methods like histogram, gray level co-occurrence matrix
(GLCM) and morphological gradient method (MGM). From the ex-
tracted cortical and trabecular features, the most significant feature set
are selected using independent sample t-test and Pearson correlation
analysis. This feature set is then used to train different classifiers and
tested on each ethnic group.

The remaining paper is organized into the following sections:
Section 2 discusses the previous work related to this work, Section 3
describes the data used for this work, Section 4 describes the proposed
methodology, Section 5 analyses the results and the scope of this work
and finally, Section 6 concludes the main results of the work.

2. Related work

Manual metacarpal radiogrammetry was proposed by Barnett and
Nordin (1960). Since then, many bone indices were introduced as a tool
to diagnose osteoporosis (Adami et al., 1996; Anburajan et al., 2001;
Raheja, 2008; Seo et al., 1994; Thodberg et al., 2010). These work re-
ported the ability of metacarpal radiogrammetric measurements in the
diagnosis of osteoporosis. Recently, Sam et al. (2017) showed that
cortical radiogrammetry of third metacarpal bone alone can be used to
train classifiers for the classification of people with normal and low
bone mass. Computerized radiogrammetry, DXR, as a tool to measure
BMD was proposed by Rosholm et al. (2001). DXR measures the me-
tacarpal index (MCI) and cortical porosity from second, third and fourth
metacarpal bones and uses these measurements to formulate DXR-BMD.
DXR-BMD has a good correlation with DXA-BMD, especially at the
forearm. However, DXR measures the cortical features alone and does
not analyze the structural differences in trabecular bone. This work
differs from DXR in the following ways: (1) This work uses the third
metacarpal bone alone for cortical radiogrammetry, and (2) it analyses
the trabecular texture of the distal radius of wrist and combines it with
cortical measurements for the diagnosis.

There are very few publications on trabecular texture analysis of
distal radius. Majumdar et al. (2000) analyzed the texture of distal
radiographs of healthy and osteoporotic subjects using Fourier power
spectrum based fractal analysis and showed that the predictive power of
the fractal measures are highly correlated to the trabecular BMD of
radial bone. A regression of the trabecular parameters of distal radius
radiographs such as spectral, longitudinal and transverse trabecular
indices, etc. using neural network is observed to have a better pre-
dictive ability of bone strength than DXA-BMD of distal radius
Wigderowitz et al. (2000). In their work on the texture analysis of distal
radius, Lee et al. (2008) combined fractal, histomorphometric and
skeletal texture features with BMD. A sensitivity of 79% and specificity
of 66% was obtained using support vector machine (SVM) classifier
with leave one out cross validation (LOOCV). Mallard et al. (2013)
studied the relationship between distal radius, vertebral and calcaneal
radiographic texture analysis and concluded that texture analysis of
distal radius provides an early detection of alterations in trabecular
microarchitecture.

Since literature on texture analysis of distal radius is limited, we
discuss the important work done on calcaneal radiographs in the re-
maining section. Several papers have reported the potential of trabe-
cular texture features of calcaneal and dental radiographs to classify
osteoporotic and healthy subjects. Lespessailles et al. (2008) analyzed
calcaneal radiographs using GLCM, run length matrix (RLM) and fractal
measures and obtained odds ratio (OR) of 2.72 for fractal parameter
(H), OR=4.78 for BMD and OR=14.06 for combination of BMD.
Vokes et al. (2010) proposed radiographic texture analysis (RTA) fea-
tures using Fourier analysis and the prevalent OR from logistic re-
gression models were reported. El Hassani et al. (2012) used Dual Tree
M-Band wavelet decomposition on projection of images and achieved a
high classification accuracy of 98% using calcaneal radiographs.
Houam et al. (2014) used one dimensional Local Binary Pattern (LBP)
on projections of calcaneal images to obtain an accuracy of 71.3%.
Jennane et al. (2014) used statistical measures, GLCM and RLM on
calcaneal images after variational model decomposition and achieved a
classification accuracy of 85%. Yger (2014) used covariance matrix and
wavelet marginals using Haar wavelets in calcaneal radiographs and
obtained an accuracy of 74% for covariance matrix and 60% for wa-
velet marginals. Touvier et al. (2015) obtained OR=2.07 for trabe-
cular bone score (TBS) and OR=1.47 for H, on analyzing calcaneal
radiographs. Recently, Zheng and Makrogiannis (2016) have used a
combination of several texture methods like fractal dimension, wavelet
analysis using Haar and Gabor, LBP histogram, Discrete Fourier
Transform (DFT), Discrete Cosine Transform (DCT), Laws’ masks, edge
histogram and GLCM for texture analysis on calcaneal radiographs and
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achieved a maximum accuracy of 79.3%. Using PCA analysis on his-
togram and GLCM features extracted from enhanced calcaneal images
gave a high accuracy of 96.55% Singh et al. (2017). One-dimensional
projections of the calcaneal images were modeled with fractional
Brownian motion to calculate the covariance matrix and Rao geodesic
distance was used as the distance measure for KNN classifier. Classifi-
cation accuracy of 96.6% was achieved El Hassouni et al. (2017).
Tafraouti et al. (2017) modeled one dimensional projection of band
pass filtered images with fractional Brownian motion and obtained
classification accuracy of 94.5%. Oulhaj et al. (2017a) proposed a new
method, anisotropic discrete dual-tree wavelet transform (ADDTWT),
for better characterization of the anisotropic changes in the calcaneal
bone and obtained 91.95% accuracy. Circular parametric models were
used to characterize trabecular bone texture. Gabor filters along with
Wrapped Cauchy model achieved 95.98% accuracy in classifying
healthy and osteoporotic cases Oulhaj et al. (2017b). Harrar et al.
(2018) combined anisotropic fractional Brownian motion model with
anisotropic piecewise Whittle estimator, which showed better perfor-
mance than other estimators at high frequency with a classification
accuracy of 71.8%.

Most of the reported work is done on calcaneal radiographs due to
the larger trabecular area and better trabecular texture variations of
calcaneal bone as compared to the distal radius. Our motivation to use
distal radius for texture analysis is the ease of acquisition and low cost
due to analysis of both cortical and trabecular bone from a single hand
and wrist radiograph. Also, studies have shown that the distal radius is
a potential surrogate site for the assessment of vertebral and hip frac-
tures Wigderowitz et al. (2000), Gomberg et al. (2003).

Our preliminary work on combined radiogrammetry and texture
analysis shows that this technique is promising as a pre-screening tool
for the classification of healthy subjects and those having low bone
mass in Indian population Areeckal et al. (2018a). The objective of the
current paper is to validate our proposed methodology in two different
population samples, namely Indian and Swiss population and to show
that the proposed method can be used as a pre-screening tool across
different ethnic groups. We also investigate the use of other texture
methods along with cortical features for training different classifiers.

3. Materials used

In this work, sample data from two ethnic groups were used, Indian
and Swiss sample populations. Hand and wrist radiographs and DXA-
BMD of lumbar spine (DXA-LS) of 134 subjects were acquired from two
hospitals in South India. Inclusion criteria was men and women above
the age of 30 years and exclusion criteria was pregnant women and
subjects under the medication of glucocorticoids in the last three
months. The study protocol was approved by the Institutional Ethics
Committee, Kasturba Medical College, Mangalore, Manipal Academy of
Higher Education, Karnataka, India. The volunteers had given their
informed consent. DXA scans of the participants were acquired using

GE Lunar densitometer. Images of either left or right hand and wrist
with postero-anterior view were obtained either using 400mA
Allengers HF Advantage (deviation index of −2.25 to 3.6) or DR Agfa
DX-D 300 (X-ray tube current= 160mA, X-ray tube voltage=52 kV,
exposure time=32ms, source-to-object distance of 990–1370mm and
deviation index of −8.1 to −1.8).

Hand and wrist radiographs and DXA-BMD of lumbar spine of 65
people belonging to Swiss population were analyzed at Centre of
Biomedical Imaging (CIBM), University Hospital of Geneva, Geneva,
Switzerland. DXA scans of lumbar spine were taken using either
Hologic Horizon A or Hologic Discovery A. Thirty hand and wrist X-ray
images of patients were acquired using CR Siemens Fluorospot Compact
(X-ray tube voltage=43.8 kV, X-ray tube current from 299 to 329mA,
exposure time from 8 to 11ms, source to detector distance of
1195–1839mm and relative X-ray exposure of 205–1005). Twenty-four
hand and wrist X-ray images were acquired with Philips Medical
Systems DigitalDiagnost (X-ray tube voltage= 52 kV, exposure time
from 5 to 10ms, source to detector distance from 1008 to 1200mm and
relative X-ray exposure of 240–722). The remaining images were ac-
quired using CR Agfa ADC_51xx and DX Agfa DXD30_Wireless with X-
ray tube current= 160mA, X-ray tube voltage= 55 kV and exposure
time=16ms).

In this work, subjects with T-score ≥−1 are categorized as healthy
(H) group and T-score<−1 are categorized as low bone mass (LBM)
group. Data of 66 healthy and 68 low bone mass patients were available
in the Indian dataset and 24 healthy and 41 low bone mass patients
were available in the Swiss dataset. The clinical characteristics of both
the study groups are given in Table 1.

4. Proposed methodology

An automatic radiogrammetric and texture analysis of hand and
wrist radiographs for classification of healthy and low bone mass pa-
tients is proposed. Automated segmentation and analysis helps to re-
move subjective error in the measurements and improves the precision
and reliability of the technique. The pipeline of the proposed metho-
dology is shown in Fig. 1. It consists of six main stages: (1) Pre-
processing, (2) Automatic marker placement and segmentation of third
metacarpal bone, (3) Radiogrammetric measurements of cortical bone,
(4) Automatic detection of ROI at the distal radius, (5) Texture analysis
of trabecular bone and (6) Training classifiers with the extracted fea-
tures. In stage 1, the input image is denoised and the bone region of
hand is extracted using soft tissue subtraction. In stage 2, the third
metacarpal bone is located automatically in the hand and wrist radio-
graph and marker-controlled watershed segmentation is used to detect
periosteal (outer) and endosteal (inner) edges of the metacarpal bone.
In stage 3, cortical radiogrammetric measurements are determined
from the segmented bone shaft. In stage 4, a circular ROI is auto-
matically segmented from distal radius, from which numerous texture
features are extracted as described in stage 5. Finally, in stage 6, the

Table 1
Clinical characteristics of the Indian and Swiss sample data groups.

Clinical characteristics Indian sample data (134 subjects) Swiss sample data (65 subjects)

H (66 subjects) LBM (68 subjects) Significance H (24 subjects) LBM (41 subjects) Significance
(μ ± σ) (μ ± σ) (p-value) (μ ± σ) (μ ± σ) (p-value)

Age (years) 45.65 ± 10.68 52.75 ± 10.67 1.8E−04‡ 70.38 ± 10.11 69.81 ± 8.14 0.8042
Height (cm) 161.24 ± 8.69 157.47 ± 6.12 0.0042† 161.96 ± 11.48 158.32 ± 10.32 0.1927
Weight (kg) 66.71 ± 9.59 58.57 ± 9.36 2.0E−06§ 75.58 ± 15.31 67.32 ± 19.95 0.0855
BMI (kg/m2) 25.74 ± 3.75 23.61 ± 3.46 8.4E−04‡ 28.77 ± 4.95 26.74 ± 7.08 0.2205
sBMD (g/cm2) 1.15 ± 0.12 0.84 ± 0.13 1.5E−28§ 1.19 ± 0.34 0.90 ± 0.09 4.4E−06§

T-score 0.07 ± 1.03 -2.55 ± 1.05 2.5E−29§ 0.59 ± 2.79 -1.96 ± 0.71 5.5E−07§

*p < 0.05, †p < 0.01, ‡p < 0.001, §p < 0.0001.
p-value is determined using independent sample t-test
H – healthy, LBM – low bone mass, BMI – body mass index, sBMD – standard BMD.
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extracted cortical and trabecular features are statistically analyzed and
the most significant features are used for training classifiers.

4.1. Automated segmentation of third metacarpal

The challenges faced by computerized radiogrammetry from
radiographs is the noise captured during image acquisition, variation in
exposure condition of acquisition and non-uniform illumination, which
makes it difficult for using intensity-based region growing algorithms
for segmentation. Another difficulty is the close proximity of other
metacarpal and carpal bones and low contrast between the bone and
soft tissue, making the detection of edges challenging. Hence prior to
segmentation, it is necessary to preprocess the hand and wrist images in
order to improve the accuracy of segmentation. In this work, the var-
ious challenges of X-ray images have been addressed by using de-
noising, background subtraction and mathematical morphological op-
erations that increases the contrast and edge linking of the hand bones.

Previous work on metacarpal bone segmentation for various appli-
cations have used active shape model (ASM), active appearance model
(AAM), active feature model, shape particle filters etc. to segment
metacarpal bones as they are not intensity-dependent and are robust to
illumination variations (Dendere et al., 2013; Fischer, 2009; Langs
et al., 2006; Thodberg and Rosholm, 2003). However, these methods
require a large number of manually annotated training images for
achieving high segmentation accuracy. Our choice of segmentation
method is watershed algorithm due to its ease of implementation and
good accuracy.

The proposed method for the fully automated segmentation of third

metacarpal bone and radiogrammetric measurements have been re-
ported in our previous work Areeckal et al. (2018b). The methodology
is discussed below in brief. The hand and wrist image is first linearly
mapped to the full dynamic range in order to enhance the contrast of
the image. The images are then denoised using Block Matching 3D
(BM3D) algorithm that helps to remove both Gaussian and Poisson
noise without blurring the edges (Dabov et al., 2007). From the de-
noised hand and wrist image, the hand bone region is extracted. Non-
uniform illumination of the background during data acquisition causes
difficulty in producing a good binary and gradient image for the seg-
mentation. This can be alleviated by using large Gaussian filter of
standard deviation of 200 pixels to model the background and soft
tissue. The estimated background is subtracted from the actual X-ray
image to get an image containing hand bones alone. The largest con-
nected component of the binary image is extracted to remove labels and
noise at the border and the bounding box of hand bone region is de-
tected.

In order to localize the third metacarpal, mid-region of the meta-
carpal bone area of the hand is first determined using two reference
lines, namely, the horizontal line containing the tip of third distal
phalanx (TDP) and the horizontal line containing the Distal Radio-Ulnar
Junction (DRUJ). DRUJ is the point of intersection of the radius and
ulna bones at the distal end. To detect the DRUJ line, binary image of
the background subtracted image is used, which is obtained by com-
bining Otsu's global thresholding and Niblack's local thresholding.
DRUJ line is detected from the binary image by taking a series of line
profiles in the lower half of the binary image and the line profile with a
single peak will denote the point of intersection of the radius and ulna,

Fig. 1. Outline of the proposed methodology.

Fig. 2. Detection of DRUJ: (a) and (b) Intensity profiles of radius and ulna showing two distinct peaks, (c) detected DRUJ line.
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DRUJ, as shown in Fig. 2. TDP is detected as the upper border of the
bounding box of the hand. It is empirically estimated that the midline of
the metacarpal region would lie approximately 125mm below TDP and
70mm above DRUJ. So the average of these two empirical distances is
used to find the metacarpal mid-region. Fig. 3 shows the two reference
lines and the detected metacarpal midregion.

A horizontal intensity line taken across the metacarpal mid-region is
smoothened by using a zero-phase digital filter to show five prominent
peaks, from which the third peak represents the third metacarpal bone,
as shown in Fig. 4. As the row line profile obtained is noisy and has
many undesired peaks, it is smoothened by using a zero-phase digital
filter that filters the row profile in both forward and reverse directions.

The position of the third peak is the centroid of the third metacarpal
bone and is used as the internal marker for the watershed segmentation.
The central axis of the third metacarpal bone is determined by finding
the third most prominent peaks at row profiles 5mm above and below
the centroid in a similar manner. The orientation of the central axis is

used to vertically align the third metacarpal bone.
The detected centroid of third metacarpal is morphologically dilated

by a disk of 2mm size and used as the internal marker for watershed. A
rectangular box surrounding the third metacarpal, with dimensions
45mm to the top and bottom and 14mm to the left and right of the
centroid, is used as external marker. The gradient image for watershed
is obtained by performing a morphological viscous closing of the
morphological gradient of the denoised image. The morphological
gradient is determined by subtracting the morphologically eroded
image from the morphologically dilated image. Watershed segmenta-
tion is applied to the gradient image along with the markers to segment
the third metacarpal bone, as shown in Fig. 5. Cortical radiogrammetric
measurements are taken at the bone shaft of the third metacarpal. The
cortical bone shaft is automatically extracted by discarding the meta-
carpal head and base regions by removing 35% of the upper and lower
regions of the segmented metacarpal bone.

For the segmentation of endosteal edge, the segmented periosteal
edge is used as external marker and the central axis along the third
metacarpal bone shaft is used as the internal marker. Gradient image
used for the watershed is obtained by further background subtraction
using Gaussian filter of standard deviation 10 pixels to get the cortical
bone alone, contrast enhancement of the resulting image and taking the
morphological gradient of this image. Marker-controlled watershed
results in a proper detection of the endosteal edge. Fig. 6 shows the
markers and watershed lines created along the endosteal edge. The
radiogrammetric measurements of the cortical bone is taken from the
segmented third metacarpal bone.

4.2. Cortical radiogrammetry

Cortical radiogrammetry is a technique by which geometrical
measurements are taken from the cortical bone. Metacarpal radio-
grammetry takes measurements from the metacarpal bones, usually the
second metacarpal bone or the middle three metacarpals together. Bone
indices developed from these measurements can be used to measure
bone loss in people (Thodberg et al., 2010). In this work, third meta-
carpal bone shaft is automatically segmented from hand radiographs
and radiogrammetric measurements are taken, as shown in Fig. 7.

The different measurements that can be taken from the metacarpal
bone shaft are cortical width (CW), medullary width (MW) and cortical
area (CA). Cortical width is the total diameter of the bone, measured by
finding the average distance between periosteal edges. Medullary width
is the diameter of the medullary cavity, corresponding to the average
distance between endosteal edges. Here, the cortical and medullary
width measurements are taken along 100 positions along the bone shaft
and the sum is divided by 100 to get the average CW and MW values.
The measurements are determined in number of pixels and converted to
units in mm using the pixel dimension determined from DICOM image
header file. The difference between the cortical and medullary widths
gives the cortical thickness. Cortical area is determined by the area
covered by the cortical bone. The bone indices derived from these
measurements in order to measure bone loss are combined cortical
thickness (CCT), Barnett-Nordin Index (BNI) and percent cortical area
(PCA), as given in the equations below.

= −CCT CW MW (1)

= ×BNI CCT
CW

100 (2)

= − ×PCA CW MW
CW

100
2 2

2 (3)

4.3. Automatic segmentation of distal radius

Distal radius is a good site for measurement of the trabecular fea-
tures as the trabeculae fibres are distinctly visible. But the segmentation

Fig. 3. Image showing the two reference lines (in blue and red) and the esti-
mated metacarpal mid-region (in green). (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of the
article.)

Fig. 4. Localization of third metacarpal bone: (a) Estimated metacarpal mid-
region and (b) intensity profile of the soft tissue subtracted image along me-
tacarpal midregion showing five prominent peaks.
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of the radius bone is difficult due to its intersection with the ulna and
close proximity to the carpal bones. Hence, in this work, the segmen-
tation of distal radius ROI is done by taking the previously detected
DRUJ line as reference and using intensity profiles, to approximate the
centre and radius of the largest circle that fits into the distal radius, as
described in our previous paper Areeckal et al. (2018a). For this, the
central axis of the radius bone is first determined by taking three hor-
izontal intensity profiles below DRUJ and determining the location of
the wider peaks corresponding to the radius bone. The radius bone is
then vertically aligned by finding the orientation of the central axis,
similar to the vertical alignment of the third metacarpal bone, as dis-
cussed in section 4.1. The DRUJ line is then used as a reference to detect
the circular ROI. A horizontal intensity profile is taken 3mm below the
DRUJ line and this profile gives the width of the distal radius, from
which the centre and radius of the circular ROI can be approximated.
The centre of the circular ROI is estimated as the location of the wider
peak (second peak in case of left hand) and the radius of the circular
ROI is half the width of this peak. In order to ensure that the detected
circle is the largest circle that fits into the distal end of radius bone, a
vertical intensity profile is taken from the estimated centre to 20mm

above and the most prominent peak is detected, as shown in Fig. 8. This
peak represents the ultra-distal end of the radius bone. By estimating
the distance of the centre from the ultra-distal end, the centre is re-
adjusted and the circular ROI is extracted, as shown in Fig. 9. After
segmentation of the circular ROI, the largest square region inscribed in
the circular ROI is extracted and the texture of trabecular bone is
analyzed.

4.4. Trabecular texture analysis

Trabecular bone has a honey-comb like structure, which becomes
more porous and less connected with progression of osteoporosis.
Trabecular bone structure can be characterized using various statistical
and structural texture analysis methods. This work uses first order
features like histogram features, second order statistical features like
gray level co-occurrence matrix (GLCM) and morphological gradient
method (MGM) to analyze the trabecular texture of the distal radius of
wrist.

The extracted square region of distal radius is first pre-processed in
order to characterize the trabecular bone texture more distinctly. The

Fig. 5. Automatic segmentation of third metacarpal bone: (a) Internal and external markers for watershed, (b) gradient image, and (c) segmented third metacarpal
bone.

Fig. 6. Segmentation of endosteal edge: (a) Internal and external markers used for watershed, (b) gradient of the contrast enhanced image, and (c) detected endosteal
edge after watershed segmentation.
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extracted ROI is resized to 170×170 pixels using bicubic interpolation
for a uniform texture analysis across the datasets. Pixel intensities are
linearly mapped to the full dynamic range. In order to remove the ef-
fects of non-uniform illumination and improve the contrast between
trabeculae and background, background subtraction is applied to the
ROI using Gaussian filter of standard deviation of 50 pixels.

Each of the texture analysis methods discussed below are then used
for feature extraction from the ROI images.

4.4.1. Histogram features
Histogram features measure the global characteristics of the image.

The histograms of the raw images of healthy and osteoporotic subjects
do not show a distinct separation. After extracting the trabecular net-
work using background subtraction, the histogram of healthy subjects
show a distinct peak at the higher intensities, while the osteoporotic
histogram peaks tend to move towards the lower intensities. This is as
expected since the osteoporotic subjects will have less dense and more
porous trabecular network. The features extracted from histogram are
variance, skewness and kurtosis. Variance measures the average de-
viation of the histogram values from the mean. Skewness is the measure
of the asymmetry of a histogram. If the histogram has more pixels with
lower intensities, skewness is negative, and vice versa. Kurtosis

characterizes how peaked (positive kurtosis) or flat (negative kurtosis)
the distribution is. The equations used for calculating the first order
features are given below. The features extracted are abbreviated as
Histvar, Histskew and Histkurt for variance, skewness and kurtosis of the
histogram, respectively.
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where, Xi is the data point, X is the mean and n is the number of data
points.

4.4.2. Gray level co-occurrence matrix (GLCM)
Histogram features discussed above does not give information on

the relative position of the pixels. GLCM are second order statistical
features that exploit the spatial relationship of image pixels on a fixed

Fig. 7. Detected outer and inner edges and metacarpal shaft for radio-
grammetric measurements.

Fig. 8. Estimating the upper boundary of distal radius: (a) Detection of central axis of the radius bone after alignment, (b) shows a vertical line taken from the DRUJ
row to a predetermined distance along the central axis and (c) intensity profile along the vertical line in (b) showing the upper boundary as the highest peak.

Fig. 9. Extraction of distal radius ROI: (a) Estimation of centre of the circle and
(b) extraction of the circular ROI of distal radius.
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scale. GLCM defines how many times a pixel intensity co-occurs with
another given pixel intensity within a specific distance and direction
(Haralick, 1979). In this work, the images were quantized to 256 gray
levels for higher contrast and GLCM was calculated. The co-occurrence
between pixel pairs at a distance of d=1, 5 and 10 pixels along four
directions (00, 450, 900 and 1350) were determined. The distance was
fixed to be 10 as it showed the best results.

The features extracted from the GLCM matrices are energy, homo-
geneity, contrast, correlation and entropy. If i and j are the row and
column positions in the image and p(i, j) represents the matrix element
at row i and column j, the features extracted are given by the following
equations.

∑= p i jEnergy ( , )
i j,

2
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+ −
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i j
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i j

i j, (10)

∑= ×k n k nEntropy ( ) log ( )
n

2
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where p(i, j) is the matrix element value along ith row and jth column,
μi, σi, μj and σj are the mean and standard deviation along ith row and
jth column respectively. k denotes the total number of counts in bin n of
the image histogram.

The total features extracted from GLCM at a distance of 10 pixels are
GLCM0en,GLCM0hom,GLCM0cont and GLCM0corr for energy, homogeneity,
contrast and correlation features of the GLCM calculated at orientation
00 to the horizontal. Similarly, GLCM45en, GLCM45hom, GLCM45cont and
GLCM45corr denotes the GLCM features at orientation 450, GLCM90en,
GLCM90hom, GLCM90cont and GLCM90corr denotes the GLCM features at
orientation 900 and GLCM135en, GLCM135hom, GLCM135cont and
GLCM135corr denotes the GLCM features at orientation 1350 to the hor-
izontal.

4.4.3. Morphological gradient method (MGM)
The use of mathematical morphology for texture analysis was in-

troduced by Werman and Peleg (1984). Each mathematical morpho-
logical operation is defined with a structuring element, whose size,
shape and orientation can enhance different aspects of the image tex-
ture. The basic mathematical operations, erosion and dilation, can be
used to extract features that are invariant under linear grayscale
transformations (Veenland, 1999).

Morphological gradients with different structuring elements are
constructed and combined into ratios, as shown below.
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where gsi,j is defined as the gradient image constructed using a rec-
tangular structuring element of size i× j, and gci is the gradient image
resulting from using a disk structuring element of radius i. The intensity
values of the gradient images are summed up and various features such

as GRi, GSSi,j and GSRi,j are extracted, as given in the equations.
The feature GRi is sensitive to the roundness of the edges, while

GSSi,j and GSRi,j assess the size of the edges of the structure. In this
work, GRi was calculated for i=5 and 7. The features GSSi,j and GSRi,j

were determined for i=7, 9, 11 and j=3, 5, 7. Veenland (1999) have
reported that these parameters give the best results in characterizing
the trabecular bone texture. Thus, the total features extracted using
MGM are GR5 and GR7 for i=5 and 7, GSS7,3, GSS9,5, GSS11,7 re-
presenting the feature GSSi,j with (i=7, j=3), (i=9, j=5) and
(i=11, j=7), respectively and GSR7,3, GSR9,5, GSR11,7 representing
the feature GSRi,j with (i=7, j=3), (i=9, j=5) and (i=11, j=7).

4.4.4. Local binary pattern (LBP)
Local binary pattern (LBP) is a popular texture analysis method

being widely used in various applications (Ojala et al., 2002). LBP
combines both statistical and structural texture features to capture the
local texture information. LBP is obtained by encoding the centre pixel
by thresholding the neighborhood of each pixel with the centre value.
In this work, rotation-invariant LBP features are extracted and LBP
histogram is formed. The features derived from LBP histogram are
mean, variance, skew, kurtosis and energy, which are denoted as
LBPmean, LBPvar, LBPskew, LBPkurt and LBPen.

Local line binary pattern (LLBP) is a relatively recent texture
method, used for object recognition and segmentation in medical
images (Petpon and Srisuk, 2009). In LLBP, binary encoding is done in
the horizontal and vertical directions, in contrast to conventional LBP
which encodes the binary pattern of the square neighbourhood. As the
trabeculae of the vertically aligned distal radius region appears as al-
most linear structures, LLBP could extract features that can best capture
the texture of trabecular bone. We extract both LBP and LLBP features
and show that LLBP helps in better classification as compared to LBP.
The horizontal and vertical variants of the LLBP are also separately
analyzed to capture directional information. Hence, the mean, variance,
skew, kurtosis, energy and entropy of LLBP (LLBPmean, LLBPvar,
LLBPskew, LLBPkurt, LLBPen and LLBPent), horizontal LLBP (LLBPHormean,
LLBPHorvar, LLBPHorskew, LLBPHorkurt, LLBPHoren and LLBPHorent) and ver-
tical LLBP (LLBPVertmean, LLBPVertvar, LLBPVertskew, LLBPVertkurt, LLBPVerten
and LLBPVertent) are extracted.

4.5. Feature selection and classification

All the described cortical and texture features are combined to a
single feature set, which may contain insignificant features. It is es-
sential to discard the unnecessary features as they may reduce the ac-
curacy of classification and increase the complexity of the classifier.
Various feature selection methods are available to determine the most
dominant and significant features. Here, feature selection is done using
independent sample t-test. Features with a significance value,
p < 0.05, are considered to be significant. The most significant fea-
tures are selected for training classifiers.

Correlation of the significant features with BMD is determined using
Pearson correlation. BMD of Indian and Swiss sample population was
obtained from GE Lunar densitometer (BMDLunar) and Hologic densit-
ometer (BMDHologic), respectively. As BMD was measured from DXA
machines of different manufacturers, the values obtained are different,
due to differences in ROI, calibration standards and algorithms used for
calculation of BMD (Lu et al., 2001). To perform comparison of BMD
values between different densitometers, a standard BMD (sBMD) is used
and conversion formulas specific to anatomical sites are available. For
correlation analysis, the BMD values of lumbar spine are converted to
sBMD, using the equations given below (Hui et al., 1997).

= − +sBMD 0.9683 (BMD 1.100) 1.0436Lunar (16)

= − +sBMD 1.0550 (BMD 0.972) 1.0436Hologic (17)

The different classifiers used are logistic regression classifier,
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support vector machine (SVM) with a Gaussian kernel and weighted K-
nearest neighbor (KNN) classifier. A Gaussian kernel of scale 3.5 is used
for the SVM classifier. For KNN, 10 nearest neighbours were considered,
with Euclidean distance metric and a squared inverse distance weight.
A 10-fold cross-validation (CV) was done due to the small number of
training samples used. The performance of the trained classifiers is
evaluated using metrics derived from the confusion matrix. A confusion
matrix categorizes the obtained output results as true positive (TP),
false positive (FP), true negative (TN) and false negative (FN). Healthy
group is taken as negative class and LBM group is taken as positive
class. The performance metrics used in this work are sensitivity (Sn),
specificity (Sp), positive predictive value (PPV), negative predictive
value (NPV), accuracy (Acc) and F1-score, given by the following
equations.

=
+

Sn TP
TP FN (18)

=
+

Sp TN
TN FP (19)

=
+

PPV TP
TP FP (20)

=
+

NPV TN
TN FN (21)

= +
+ + +

Acc TP TN
TP FP TN FN (22)

= ×
× + +

F score1­ 2 TP
2 TP FP FN (23)

5. Results and discussion

5.1. Automatic segmentation results

The third metacarpal bone was automatically detected by using two
anatomical landmarks (TDP and DRUJ) and intensity profile. Marker-
based watershed segmentation was used to control the water filling
technique, by avoiding the effect of local minima and thus preventing
over-segmentation. Using edge linking on the gradient image ensured
proper detection of the edges. As for the segmentation of distal radius
ROI, two anatomical landmarks were used, namely the DRUJ and the
upper boundary of the radius bone. Use of intensity profiles to locate
the bones increased the robustness of the method to illumination var-
iations in images.

The proposed segmentation approach was applied on 134 hand and
wrist images of Indian and 65 images of Swiss sample population. The
method shows 86% accuracy in detecting the third metacarpal bone
and 90% accuracy in extracting the distal radius ROI. Examples of the
segmentation results using the proposed approach are shown in Fig. 10.

Ground truth for cortical measurements of six healthy and eight low
bone mass category images were provided by experts. Comparison of
our proposed automatic radiogrammetry to the ground truth showed a
mean absolute error of 0.04mm (0.51%) for cortical width of the
healthy group and 0.12mm (1.54%) for that of the low bone mass
group. A mean absolute error of 0.22mm (5.81%) and 0.26mm
(7.86%) were obtained for medullary width measurements of the
healthy and low bone mass groups, respectively. Table 2 shows the
validation results of the proposed automatic radiogrammetric method
with the ground truth. Cortical width measurements showed more ac-
curacy than medullary width, due to the presence of a clear demarca-
tion of the outer edge after background subtraction, whereas in the case
of medullary width measurements, the contrast between the endosteal
edge and soft tissue is low in most cases.

The proposed approach failed to detect the third metacarpal and
distal radius ROI in some images due to wrong detection of DRUJ and

due to the close proximity of other metacarpal bones. The failed images
were semi-automatically segmented by manually selecting the centre of
third metacarpal and DRUJ line, and then using these reference lines to
automatically segment the ROIs. The semi-automatically segmented
images were combined with automatically segmented images for fea-
ture extraction. This was done in order to utilize the whole dataset for
classification process.

5.2. Classifiers trained with statistical and structural features

In this paper, we develop a computer-aided screening tool that can
be used for detection of low bone mass. Statistical and structural texture
features of the distal radius are combined with metacarpal radio-
grammetry to detect people with low bone mass. Histogram features,
GLCM and MGM features extracted from the background subtracted
images are used to form one set of texture features to train the classi-
fiers. LBP features extracted directly from the original image without
background subtraction forms another set of features. We perform a
comparison of the classifiers trained with the two different texture
feature sets. In this subsection, we discuss about the classifiers trained
with the first set of features, namely histogram features, GLCM and
MGM features.

5.2.1. Feature selection
Bone features extracted from both the sample population were

analysed for statistical significance and correlation with DXA-LS. The
most significant features that were common to both the sample popu-
lation were selected as the feature set used for classification. Different
classifiers were trained on a training set of the Indian sample popula-
tion with a 10-fold cross validation and tested on unseen images of both
the Indian and Swiss sample population.

The discrimination ability of the extracted features was analyzed
using independent sample t-test. The t-tests were tested on the Indian
and Swiss sample data separately. Table 3 shows the t-test results with
significance values for all features extracted for Indian sample popu-
lation and Swiss sample population, respectively.

The correlation of the extracted features with sBMD and T-score was
analyzed using Pearson correlation. Table 4 shows the correlation va-
lues of the extracted features with sBMD and T-score for Indian and
Swiss sample population, respectively. All the cortical features show a
very good correlation with p < 0.0001. Texture features derived from
MGM also shows a very high correlation with p < 0.001. The highest
correlated feature with sBMD and T-score is CCT for both ethnic groups.

Feature selection for training the classifiers was done using the re-
sults of t-test. The features common to significant features of Indian
data (p < 0.01) and significant features of Swiss data (p < 0.01) were
selected. The 28 features thus selected are CCT, CA, PCA, BNI, Histskew,
Histkurt, GLCM0cont, GLCM0hom, GLCM0en, GLCM45cont, GLCM45hom,
GLCM45en, GLCM45ent, GLCM90hom, GLCM90en, GLCM90ent, GLCM135cont,
GLCM135hom, GLCM135en, GLCM135ent, GR5, GR7, GSS7,3, GSS9,5, GSS11,7,
GSR7,3, GSR9,5, GSR11,7.

5.2.2. Performance of trained classifiers
The Indian sample data was partitioned into training set of 120

images with 60 images each from healthy and low bone mass groups,
and a test set of 14 unseen images. A 10-fold cross validation was done
on the training set. All data of the Swiss sample population was used for
testing the trained classifiers. The features of the training set were
normalized with zero mean and unit variance prior to training the
classifiers. The trained classifiers were evaluated with confusion ma-
trices. Table 5 shows the performance metrics of the classifiers using
10-fold cross validation. SVM shows better performance on cross vali-
dation as compared to logistic regression and KNN classifiers.

Table 6 shows the cross-validation accuracy and test accuracy of the
trained classifiers. Performance of the classifiers on cortical features
alone (CCT, CA, PCA, BNI), texture features alone (Histskew, Histkurt,
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GLCM0cont, GLCM0hom, GLCM0en, GLCM45cont, GLCM45hom, GLCM45en,
GLCM45ent, GLCM90hom, GLCM90en, GLCM90ent, GLCM135cont, GLCM135hom,
GLCM135en, GLCM135ent, GR5, GR7, GSS7,3, GSS9,5, GSS11,7, GSR7,3,
GSR9,5, GSR11,7) and combined cortical and texture features are shown
in the table. It can be observed that combining cortical and texture
features help to improve the performance of the classifiers in terms of
the test accuracy on unseen data. Weighted KNN shows the best test
accuracy of 78% on Indian test data and 100% on Swiss sample data.

5.3. Classifiers trained with LBP features

This section discusses about the performance of classifiers trained
with LBP features. LBP texture methods used in this work are rotation-
invariant LBP, local line binary pattern (LLBP), and its horizontal and
vertical variants. LBP with the adjacent neighbourhood of 8 neighbours
were extracted. For LLBP and its variants, a line of length 17 pixels was
found to give good results.

5.3.1. Feature selection
From the extracted LBP features and its variants, the features that

Fig. 10. Examples of the segmentation results for radiogrammetry for two healthy images (left) and two osteoporotic images (right): (a) Original images with
detected distal radius-ulnar junction (DRUJ) line are shown in first row, (b) localization of third metacarpal in second row, (c) segmented third metacarpal bone shaft
in third row, (d) detected central axis and approximate centre of circular distal radius ROI in fourth row, and (e) the extracted circular ROI in the last row.
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were significantly correlated with sBMD of both the ethnic groups were
selected for training the different classifiers. Table 7 shows the corre-
lation of the LBP features with sBMD of both Indian and Swiss data
samples.

The features that are significantly correlated with sBMD among
Indian and Swiss sample data are selected as the input feature set to
train the classifiers. Hence, the selected set of texture features are LBP
(LBPmean, LBPvar, LBPskew, LBPkurt), LLBP (LLBPmean, LLBPen, LLBPent),

Table 2
Comparison of radiogrammetric measurements with ground truth.

Images Ground truth Proposed method

Actual Actual Measured Absolute Measured Absolute
CW (mm) MW (mm) CW (mm) error (mm) MW (mm) error (mm)

Healthy
1 8.75 4.19 8.72 0.03 3.54 0.65
2 9.14 4.42 9.04 0.10 4.17 0.25
3 10.45 5.85 10.43 0.02 5.84 0.01
4 8.89 3.98 8.90 0.01 3.75 0.23
5 7.55 2.62 7.51 0.04 2.57 0.05
6 7.72 2.22 7.78 0.06 2.09 0.13
Mean 0.04 0.22

Low bone mass
7 6.61 2.89 6.39 0.22 2.36 0.53
8 10.27 4.92 9.96 0.31 4.45 0.47
9 7.94 2.63 7.98 0.04 2.73 0.10
10 7.89 3.18 7.92 0.03 3.27 0.09
11 8.48 4.20 8.34 0.14 4.14 0.06
12 8.44 2.92 8.40 0.04 3.06 0.14
13 6.73 3.17 6.53 0.20 2.50 0.67
14 8.48 4.88 8.48 0.00 4.93 0.05
Mean 0.12 0.26

Table 3
Significance test results of healthy (H) and low bone mass (LBM) groups of Indian and Swiss sample populations.

Sl. no Features extracted Indian-H Indian-LBM p-value Swiss-H Swiss-LBM p-value
(μ ± σ) (μ ± σ) (μ ± σ) (μ ± σ)

1 CCT (mm) 4.48 ± 0.58 3.90 ± 0.55 8.9E−08§ 4.36 ± 0.64 3.75 ± 0.66 5.8E−05§

2 CA(mm2) 43.13 ± 7.28 36.54 ± 6.82 9.1E−07§ 41.73 ± 7.97 36.92 ± 8.34 0.0095†

3 PCA (%) 78.12 ± 7.21 74.06 ± 7.14 0.0022† 77.21 ± 7.78 70.58 ± 7.25 0.0002‡

4 BNI 53.88 ± 7.86 49.55 ± 6.99 0.0016† 52.94 ± 8.12 46.15 ± 6.57 8.8E−05§

5 Histvar 1198.73 ± 269.27 1337.80 ± 257.95 0.0041† 1368.90 ± 297.46 1529.85 ± 275.90 0.0136*

6 Histskew 0.67 ± 0.38 0.50 ± 0.23 0.0033† 0.53 ± 0.30 0.35 ± 0.15 0.0009‡

7 Histkurt 1.29 ± 1.51 0.60 ± 0.72 0.0015† 0.67 ± 0.94 0.09 ± 0.44 0.0007‡

8 GLCM0cont 1751.99 ± 560.16 2066.26 ± 441.28 0.0007‡ 2057.61 ± 640.16 2518.25 ± 566.13 0.0009‡

9 GLCM0corr 0.26 ± 0.13 0.21 ± 0.09 0.0231* 0.25 ± 0.12 0.17 ± 0.07 0.0004‡

10 GLCM0hom 0.08 ± 0.01 0.07 ± 0.01 0.0002‡ 0.07 ± 0.01 0.07 ± 0.01 0.0004‡

11 GLCM0en 0.00 ± 0.00 0.00 ± 0.00 0.0003‡ 0.00 ± 0.00 0.00 ± 0.00 0.0014†

12 GLCM0ent 0.83 ± 0.07 0.87 ± 0.05 0.0008‡ 0.86 ± 0.06 0.90 ± 0.05 0.0102*

13 GLCM45cont 1908.57 ± 561.49 2238.35 ± 456.93 0.0005‡ 2235.06 ± 647.09 2671.11 ± 589.37 0.0022†

14 GLCM45corr 0.16 ± 0.10 0.12 ± 0.08 0.0484* 0.15 ± 0.10 0.10 ± 0.07 0.0120†

15 GLCM45hom 0.08 ± 0.01 0.07 ± 0.01 0.0002‡ 0.07 ± 0.01 0.06 ± 0.01 0.0007‡

16 GLCM45en 0.00 ± 0.00 0.00 ± 0.00 0.0003‡ 0.00 ± 0.00 0.00 ± 0.00 0.0015†

17 GLCM45ent 0.82 ± 0.07 0.86 ± 0.05 0.0007‡ 0.85 ± 0.06 0.89 ± 0.05 0.0085†

18 GLCM90cont 1475.59 ± 424.57 1648.32 ± 347.83 0.0151* 1713.17 ± 492.76 2114.97 ± 513.82 0.0006‡

19 GLCM90corr 0.35 ± 0.09 0.36 ± 0.08 0.7942 0.35 ± 0.09 0.29 ± 0.08 0.0084†

20 GLCM90hom 0.09 ± 0.01 0.08 ± 0.01 0.0069† 0.08 ± 0.01 0.07 ± 0.01 0.0003‡

21 GLCM90en 0.00 ± 0.00 0.00 ± 0.00 0.0007‡ 0.00 ± 0.00 0.00 ± 0.00 0.0010†

22 GLCM90ent 0.82 ± 0.07 0.85 ± 0.05 0.0019† 0.85 ± 0.07 0.89 ± 0.05 0.0057†

23 GLCM135cont 1873.11 ± 545.16 2218.92 ± 453.76 0.0002‡ 2172.25 ± 624.56 2658.90 ± 566.21 0.0004‡

24 GLCM135corr 0.17 ± 0.10 0.13 ± 0.08 0.0133* 0.17 ± 0.09 0.09 ± 0.06 9.3E−05§

25 GLCM135hom 0.08 ± 0.01 0.07 ± 0.01 9.6E−05§ 0.07 ± 0.01 0.06 ± 0.01 6.8E−05§

26 GLCM135en 0.00 ± 0.00 0.00 ± 0.00 0.0003‡ 0.00 ± 0.00 0.00 ± 0.00 0.0011†

27 GLCM135ent 0.82 ± 0.07 0.86 ± 0.05 0.0006‡ 0.85 ± 0.06 0.89 ± 0.05 0.0066†

28 GR5 26.73 ± 2.50 28.40 ± 2.23 0.0001‡ 25.27 ± 3.18 23.18 ± 3.41 0.0056†

29 GR7 23.72 ± 2.66 25.13 ± 2.11 0.0016† 22.69 ± 2.84 20.71 ± 3.07 0.0034†

30 GSS7,3 183.55 ± 13.32 192.75 ± 12.26 0.0001‡ 174.45 ± 18.72 161.95 ± 20.84 0.0057†

31 GSS9,5 106.32 ± 9.66 111.86 ± 8.15 0.0008‡ 101.65 ± 11.03 93.52 ± 12.86 0.0031†

32 GSS11,7 72.21 ± 7.93 75.81 ± 6.09 0.0056† 69.29 ± 7.97 63.19 ± 9.21 0.0020†

33 GSR7,3 205.13 ± 13.73 215.24 ± 12.99 5.3E−05§ 194.54 ± 20.92 180.78 ± 22.98 0.0061†

34 GSR9,5 114.83 ± 9.66 121.06 ± 8.62 0.0002‡ 109.39 ± 11.92 100.84 ± 13.81 0.0038†

35 GSR11,7 78.09 ± 7.80 82.26 ± 6.43 0.0016† 74.81 ± 8.30 68.44 ± 9.81 0.0023†

*p < 0.05, †p < 0.01, ‡p < 0.001, §p < 0.0001.
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horizontal LLBP (LLBPHormean, LLBPHorskew, LLBPHoren, LLBPHorent) and
vertical LLBP (LLBPVertmean, LLBPVertskew). The cortical features used to
combine with the texture features are CCT, CA, PCA and BNI.

5.3.2. Performance of trained classifiers
Performance of the trained classifiers using 10-fold cross validation

on combined cortical and LBP feature variants are shown in Table 8.
The best performance metrics are obtained by SVM classifier in LBP,
LLBP and vertical LLBP features. Logistic regression classifier shows
better results using horizontal LLBP features.

Table 9 shows the test results of the classifiers trained with LBP and
LLBP features, combined with cortical radiogrammetric features. We
observe that LLBP and its variants show a much better performance
than the conventional LBP, and hence the linear descriptor LLBP is a
more suitable feature descriptor of the trabecular texture of the bone.
The best performance is achieved by weighted KNN trained with ver-
tical LBP features, with a 10-fold CV accuracy of 71%, and test accuracy
of 75% and 61% for Indian and Swiss sample data, respectively.

As seen from Tables 6 and 9, a comparison of the performance of
trained classifiers on both sets of features show that the weighted KNN
classifier trained with histogram features, GLCM and MGM features
show the best overall test accuracy for Indian and Swiss data.

All the image processing techniques and analyses was done using
Matlab R2016a and Image Processing, Statistics, Machine Learning and
SDC Morphology toolboxes for Matlab Dougherty and Lotufo (2003).
The processing time of the diagnostic technique is approximately
1.5 min on a PC with 8GB RAM, 64-bit OS and Intel Core i7-4790 CPU
@3.60 GHz. The algorithm is being implemented as executable C codes,
which would help in greatly reducing the processing time and can be
incorporated into the imaging software. Since the data analysis can be
done at no additional equipment cost, it can be a promising low-cost
technique for pre-screening of people having low bone mass.

5.4. Comparison with previous work

Related work on trabecular texture analysis of distal radius radio-
graphs and classification is limited, we have compared our classifica-
tion results with that of classifiers trained on texture analysis of cal-
caneal radiographs using cross-validation, as shown in Table 10. The
work on texture analysis of calcaneal radiographs use manual extrac-
tion of ROI with the help of two anatomical landmarks marked by ex-
perts.

It can be observed that our results are better than the related work
on distal radius radiographs that includes BMD for training the classi-
fier and calcaneal radiographs using fractal analysis, statistical and
structural features Lee et al. (2008), Houam et al. (2014), Yger (2014),
Zheng and Makrogiannis (2016), Harrar et al. (2018).

5.5. Limitations of the study

This pilot study has been carried out with a sample dataset and
needs to be further validated on a larger sample size. The segmentation
failed for some images due to binary images having fused radius and
ulna bones, resulting in incorrect detection of DRUJ. The accuracy of

Table 4
Correlation analysis of extracted features with sBMD and T-score for Indian and
Swiss sample populations.

Sl. no Features
extracted

Indian sample population Swiss sample population

sBMD T-score sBMD T-score

1 CCT 0.5133§ 0.4806§ 0.4773§ 0.3974‡

2 CA 0.4527§ 0.4035§ 0.4207§ 0.3198†

3 PCA 0.3569§ 0.3524§ 0.3489† 0.3106†

4 BNI 0.3595§ 0.3560§ 0.3625‡ 0.3300†

5 Histvar −0.2072* −0.2158* −0.3572† −0.3760‡

6 Histskew 0.2098* 0.2226† 0.5178§ 0.4630§

7 Histkurt 0.2270† 0.2363† 0.4923§ 0.4429§

8 GLCM0cont −0.2565† −0.2626† −0.4658§ −0.4585§

9 GLCM0corr 0.2047* 0.2055* 0.4767§ 0.4378§

10 GLCM0hom 0.2658† 0.2763† 0.4901§ 0.4764§

11 GLCM0en 0.2577† 0.2686† 0.4534§ 0.4458§

12 GLCM0ent −0.2193* −0.2286† −0.3867‡ −0.3911‡

13 GLCM45cont −0.2506† −0.2564† −0.4324§ −0.4302§

14 GLCM45corr 0.1241 0.1244 0.3109† 0.2938†

15 GLCM45hom 0.2639† 0.2737† 0.4637§ 0.4564§

16 GLCM45en 0.2604† 0.2714† 0.4506§ 0.4445§

17 GLCM45ent −0.2306† −0.2401† −0.3954‡ −0.3995‡

18 GLCM90cont −0.1336 −0.1463 −0.4577§ −0.4732§

19 GLCM90corr −0.1153 −0.1042 0.2999† 0.3149†

20 GLCM90hom 0.1407 0.1555 0.4647§ 0.4631§

21 GLCM90en 0.2358† 0.2489† 0.4625§ 0.4576§

22 GLCM90ent −0.2022* −0.2132* −0.4111‡ −0.4190§

23 GLCM135cont −0.2828‡ −0.2881‡ −0.4742§ −0.4780§

24 GLCM135corr 0.1920* 0.1909* 0.4396§ 0.4381§

25 GLCM135hom 0.2868‡ 0.2953‡ 0.5142§ 0.5100§

26 GLCM135en 0.2664† 0.2775† 0.4635§ 0.4566§

27 GLCM135ent −0.2350† −0.2442† −0.4060‡ −0.4101‡

28 GR5 −0.4609§ −0.4354§ 0.3201† 0.3193†

29 GR7 −0.3996§ −0.3750§ 0.3494† 0.3579†

30 GSS7,3 −0.4476§ −0.4221§ 0.3256† 0.3223†

31 GSS9,5 −0.4087§ −0.3844§ 0.3515† 0.3613‡

32 GSS11,7 −0.3736§ −0.3526§ 0.3578† 0.3764‡

33 GSR7,3 −0.4586§ −0.4322§ 0.3187† 0.3122†

34 GSR9,5 −0.4348§ −0.4100§ 0.3422† 0.3478†

35 GSR11,7 −0.3975§ −0.3745§ 0.3559† 0.3701‡

*p < 0.05, †p < 0.01, ‡p < 0.001, §p < 0.0001.

Table 5
Performance metrics of the classifiers using 10-fold cross validation on combined cortical and texture (Histogram, GLCM and MGM) features.

Classifier TP FP TN FN Sn Sp PPV NPV Accuracy F1-score

Logistic regression 40 16 44 20 66.67 73.33 71.43 68.75 70.00 68.97
SVM 52 21 39 8 86.67 65.00 71.23 82.98 75.83 78.20
KNN 45 17 43 15 75.00 71.67 72.58 74.14 73.33 73.77

Table 6
Test accuracy of the trained classifiers.

Classifier Feature set 10 fold CV
accuracy

Test accuracy

Indian
test data

Swiss
test data

Overall
test data

Logistic
regression

Cortical
features

70 57 63 62

Texture
features

61 85 70 73

All features 70 78 73 74

SVM Cortical
features

74 64 67 67

Texture
features

68 64 73 72

All features 75 78 78 78

KNN Cortical
features

70 71 100 94

Texture
features

69 71 100 94

All features 73 78 100 96
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segmentation can be further improved by improving the binarization
technique for DRUJ detection. Another reason for failure is the low
contrast of some images. Another limitation of the study is the limited
dataset available for training of classifiers. Future work includes vali-
dation of the work on a larger population sample, and improving the
robustness of segmentation algorithm to image contrast in order to
increase the segmentation accuracy. Recent texture analysis methods
like deep features needs to be investigated with a larger dataset.

6. Conclusion

A cost-effective pre-screening tool has been proposed for the early
detection of low bone mass using cortical radiogrammetry of third
metacarpal bone and texture analysis of the trabecular bone archi-
tecture at the distal radius of wrist. The automatic segmentation ap-
proach shows a detection accuracy of 86% in accurately detecting the
shaft of third metacarpal bone and 90% in segmenting the distal radius
ROI. When the automatic cortical measurements were compared with
the ground truth, a mean absolute error of 0.04mm and 0.12mm was

obtained for cortical width of healthy and low bone mass groups, re-
spectively. A mean absolute error of 0.22mm and 0.26mm was ob-
tained for medullary width of healthy and low bone mass groups, re-
spectively. Bone indices like CCT, CA, PCA and BNI were calculated
through automatic radiogrammetric measurements. Histogram fea-
tures, GLCM and morphological gradients method were used for tra-
becular bone characterization. The cortical and texture features ex-
tracted were statistically analysed using independent sample t-test and
Pearson correlation. The most significant features common to both
Indian and Swiss sample data were selected to train different classifiers.
Weighted KNN shows the best performance with a 10-fold CV accuracy
of 73% and test accuracy of 78% and 100% for Indian and Swiss test
data. Hence, the proposed tool using radiogrammetry and texture
analysis of hand and wrist radiographs proves to be a potential low-cost
screening tool for early detection of low bone mass.
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Table 7
Correlation analysis of LBP features with sBMD for Indian and Swiss sample
populations.

LBP methods Features Indian sample
population

Swiss sample
population

LBP LBPmean 0.2231* 0.3285*

LBPvar 0.2182* 0.3305*

LBPskew −0.2487† −0.3348*

LBPkurt −0.2625† −0.3248*

LBPen −0.2449† −0.3073

LLBP LLBPmean −0.2777† −0.3581*

LLBPvar 0.4805§ 0.2169
LLBPskew 0.1659 0.3639*

LLBPkurt −0.5052§ −0.2720
LLBPen −0.4918§ −0.3159*

LLBPent 0.4948§ 0.3257*

Horizontal LLBP LLBPHormean −0.5273§ −0.3544*

LLBPHorvar 0.0739 −0.2018
LLBPHorskew 0.5012§ 0.3189*

LLBPHorkurt −0.2096* 0.0810
LLBPHoren −0.4433§ −0.3376*

LLBPHorent 0.4401§ 0.3449*

Vertical LLBP LLBPVertmean −0.3568§ −0.3770*

LLBPVertvar 0.1972* 0.0110
LLBPVertskew 0.3682§ 0.3588*

LLBPVertkurt −0.3434§ −0.2684
LLBPVerten −0.3143‡ −0.2886
LLBPVertent 0.2901‡ 0.2808

*p < 0.05, †p < 0.01, ‡p < 0.001, §p < 0.0001.

Table 8
Performance metrics of the classifiers using 10-fold cross validation on combined cortical and LBP feature variants.

Texture features Classifier TP FP TN FN Sn Sp PPV NPV Accuracy F1-score

LBP Logistic regression 44 15 45 16 73.33 75.00 74.58 73.77 74.17 73.95
SVM 50 20 40 10 83.33 66.67 71.43 80.00 75.00 76.92
KNN 42 18 42 18 70.00 70.00 70.00 70.00 70.00 70.00

LLBP Logistic regression 48 15 45 12 80.00 75.00 76.19 78.95 77.50 78.05
SVM 53 20 40 7 88.33 66.67 72.60 85.11 77.50 79.70
KNN 48 19 41 12 80.00 68.33 71.64 77.36 74.17 75.59

Horizontal LLBP Logistic regression 49 14 46 11 81.67 76.67 77.78 80.70 79.17 79.67
SVM 45 17 43 15 75.00 71.67 72.58 74.14 73.33 73.77
KNN 47 15 45 13 78.33 75.00 75.81 77.59 76.67 77.05

Vertical LLBP Logistic regression 44 16 44 16 73.33 73.33 73.33 73.33 73.33 73.33
SVM 53 24 36 7 88.33 60.00 68.83 83.72 74.17 77.37
KNN 45 19 41 15 75.00 68.33 70.31 73.21 71.67 72.58

Table 9
Test accuracy of classifiers trained with LBP features.

LBP method Classifier Feature set 10-fold
CV
accuracy

Test accuracy

Indian
test
data

Swiss
test
data

Overall
test
data

LBP Logistic
regression

All features 74 75 58 61

SVM All features 75 58 55 56
KNN All features 70 58 55 56

LLBP Logistic
regression

All features 77 66 47 50

SVM All features 77 58 58 58
KNN All features 74 58 65 64

Horizontal LBP Logistic
regression

All features 79 50 60 58

SVM All features 73 75 55 58
KNN All features 76 66 53 56

Vertical LBP Logistic
regression

All features 73 75 58 61

SVM All features 74 66 58 60
KNN All features 71 75 61 64
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