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ABSTRACT 

We evaluate the utility of a model of the structure of the carpal area 

bones in the hand for predicting skeletal maturity in infants (0 -7 

yrs) using a texture based statistical model of appearance. Skele

tal maturity assessment is important for diagnosing and monitoring 

growth disorders. Statistical models of bone shape and appearance 
have been shown to be useful for estimating skeletal maturity. In this 

work we locate the carpal bones with an automatic system which 

uses a Constrained Local Model with Random Forest Regression 

Voting. Appearance models were built from the segmented images, 

and texture parameters extracted were used to estimate skeletal age. 

By analysing the performance on a data-set of 284 digitized radio

graphs of normal infants we show that an automatically segmented 

texture based appearance model of the carpal region produces very 
satisfactory skeletal age estimation results of a mean absolute error 

of (0.43, 0.53) years, for male and female respectively. 

Index Terms- Skeletal maturity assessment, Random Forest 

regression, Statistical Models of appearance, Carpal bones' segmen

tation. 

1. INTRODUCTION 

Skeletal maturity plays an important role in the diagnosis of growth 

and endocrine disorders. The two main methods examine the mor

phology of the bones and the joints of the non-dominant hand in a 

radiograph. A significant difference between the bone age and the 

actual age of a child is an indication of growth abnormalities. The 
predominant methods in clinical practice are those of Greulich and 

Pyle(GP) [11] and Tanner and Whitehouse(TW2/3) [18]. 

There have been many attempts to automate the bone age as

sessment procedure. These range from classical image analysis 

methods [17], machine learning techniques and model based meth

ods [16]. Thodberg el al.[19] showed how Active Appearance 
Models [5] can be used to determine skeletal maturity. However the 

estimation was limited to 2 - 17 years and excluded the use of carpal 

bones. 

The key issue here is that the most critical years during which 

corrective procedure can easily be carried out are excluded in ma

turity estimation. The reason may be due to the limited availability 

of images and the radiograph image quality at this early age. The 

Carpal bones, which are the most useful at this stage, are either in 

cartilage form or are just appearing as a pin point as shown in Figure 

1 . Their order of appearance is not consistent. 

Medical research showed that the Carpal bones are most use

ful in the estimation of skeletal maturity between the ages of 0 -

7 years [18] [11], however because of the difficulty in segmenting 
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these bones and the fact of their lack of correspondence, most algo

rithms either use one or two bones that are consistent (ie the Capitate 

and the Hamate). Unfortunately the above statement on the the accu

racy of estimating skeletal maturity from carpal bones is predicated 

on the consideration of all the available bones [18] [11]. This is why 

we differ from most existing skeletal maturity methodology that uti

lizes one or two of the bones to estimate skeletal maturity [20]. This 

lack of correspondence poses particular research problems to Sta

tistical models. This work attempts to find an automatic way of of 

segmenting the the carpal area bones as well as build a statistical 

model of the area that does not suffer from lack of correspondence. 

In our earlier work [3] we evaluated several structures in esti

mating skeletal maturity, but the work was limited to ages above 5 

years. Further more in [4] we evaluated the use of Carpal bones for 

determination of skeletal maturity for infants, however all the carpal 

bones considered were segmented manually. This work builds on [4] 

to find an automatic way of segmenting the area around the Carpal 

bones and using the same to predict skeletal maturity of infants. 

The closest work is that of Zhang el al. [20] where classical 

image processing techniques and fuzzy classification were used to 

estimate bone age from the Hamate and Capitate (see figure 1). We 

differ in our approach from Zhang el al. as we use a texture based 

statistical models of appearance to estimate skeletal maturity from 

an automatically segmented region around the Carpal bones for chil

dren of ages 0 -7 years. Recent work by Harmsen el al.[13] used 

Support vector machine Classification based on Correlation proto

types, however they excluded the use of Carpal bones. Though they 

recorded some fairly good results, this method could not have been 

effective for infants. Hark el al.[12] used a support vector regression 

methods smart class mapping, but the work also excluded the use of 

Carpal bones. Whereas Hsieh el al.[14] considered the carpal bones 

using a fuzzy-based growth model with principle component analy

sis, they had to use geometrical ratios and values and we recorded 

better results. Giodarno el al.[lO] combined the use of both Carpal 

bone and other Epiphyseal/Metaphyseal region to estimate ages be

tween 0-10 years, but they used extremely complex image process

ing methodology with very limited number of X-rays which may 

obviously be of good quality. Our results are comparable. 

Random Forests (RF) [6] describe an ensemble of decision trees 

trained independently on a randomized selection of features. They 

have been shown to be effective in a range of classification and re

gression problems [6]. Gall and Lempitsky show in Hough Forests 
[9] that objects can be accurately located using RF regressors to pre

dict the position of a point relative to the sampled region, then run

ning the regressors over the region and accumulating votes for the 

likely position. Cootes el al. [6] show how this method (RF) can be 

combined with Statistical Shape model to accurately segment a va-
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riety of complex dataset. Lindner et al.[15] using the methods of 

[6], applied RF regression in a Constrained Local Model(CLM) to 

accurately segment the femur in a pelvic radiograph. Following the 
approach of [15] we apply the method of Cootes et al.to segment 

the Carpal areas of hand radiograph by applying RF regression in a 

Constrained Local Model (CLM) framework to vote for optimal po

sition of each model point. This is done by running feature detectors 

independently to generate a response image for each point. A shape 

model is used to find the best combination of points. 

In this work we applied the method of Cootes et al. [6] to accu

rately segment the Carpal area region. From the segmented Carpal 

area we then built Statistical model of appearance and extract texture 

parameters. These parameters were used in classical linear regres

sion . The innovation of this work is in the application of the works 

of Cootes et al. [6] to segment the Carpal area region. In addition and 

more importantly we treat the Carpal area as an entity, whose texture 

features can be characterised to predict skeletal maturity of infants, 

thereby avoiding the correspondence problem associated with the 

Carpal bones of young children in predicting the 'common' (race 

normalized) bone age of the child. 

The main problem is that of correspondence which results from 

inconsistent appearance of the component carpal bones as illustrated 

in Figure 1. In our approach we extracted the region around the 

carpal bones and built a texture-based appearance model. 

a) Radiograph b) Carpals bones c) Carpals 2 

Fig. 1. a) Example of a hand radiograph of a child with no bones, b) 

Carpal bones labeled and c) carpal region with two bones. 

2. METHODS 

2.1. Data Set 

We have used a publicly available database of radiographs of the 
non-dominant hand of normally developing children from Ipilab lab

oratoriesl. We used a subset of 284 images representing ages from 

0 -7 years. The dataset are of children from 4 ethnic groups (Cau

casians, Asians, African Americans and Hispanics). The data also 

comes with two independent expert ratings who were blinded to the 

chronological age and the ethnicity of the children at the time of 

reading. For the purposes of segmentation evaluation the images 

were fully annotated. 

In studying the structures of the carpal bones, we consider the 

average of the experts estimates of the bone age as the 'common' 

bone age. 

2.2. Constrained Local Models (eLM) 

We segment the region around the carpal bones using Constrained 

Local Models (CLMs) of [8]. We follow the method of Cootes et 

al.[6]. CLM combines global constraints with local models to seg

ment an object form an image. It does this by considering the pattern 

1 hup://www.ipilab.org/BAAweb/ 

of intensities. Based on a number of landmark points outlining the 

contour of the object in a set of images, we train a statistical shape 

model by applying PCA to the aligned shapes [7]. This yields a lin

ear model model of shape variation which represent the position of 

each landmark point using Xi = To(xi + Pib + r) where Xi gives 

the mean in the reference frame, Pi is a set of modes of variation, 

b are the shape model parameters, r allows small deviation from the 

model, and To apply a global transformation with parameters e. To 

match a CLM to a new image we seek the shape and pose parameters 

p = {b, e}, which optimize the fit to the model. These parameters 

seek to optimize L�=l Ri (Te (Xi + Pib + r)) where at every po

sition i, Ri is the stored value of the quality of fit at every position 

representing the similarity between template texture at this landmark 

leaned from the model and the texture at the same position. 

2.3. Voting with Random Forest (RF) Regressors 

We applied RF similar to the Hough Forest approach of [9],but we 

did not require voting to be dependent on class labels. We adopted 

the method used in [6] and [15] where votes are gathered from re

gions around every point. During training a set of decision trees 
(a Random Forest) is trained so that each predicts the displacement 

from a given image patch to the target point. When searching, each 

tree is scanned over nearby patches in a grid, and produces a vote for 

where the target point is. All votes for point i are combined in an 

array, Ri. For further details see [6] and [15]. 

2.4. Construction of Statistical Appearance Models 

Statistical appearance models (SAM) [5] were generated by com

bining a model of shape variation with a model of texture variation. 

Each radiograph was manually annotated with points around impor

tant structures. Statistical models of shape and texture (intensities in 

the reference frame) were constructed by applying Principal Com

ponent Analysis (PCA) to the resulting annotations, leading to linear 

models of the form 

x=x+Psbs g=g+Pgbg (1) 

where X is the mean shape, g is the mean texture, P s,P 9 are the 

main modes of shape and texture variation and bs,bg are the shape 

and texture model parameter vectors. Combining the shape and tex

ture models gives a combined appearance model of the form 

X = x + Qsc g = g + Qgc (2) 

where Qs, Qg are matrices describing the modes of variation de

rived from the training set and C is a combined vector of appearance 

parameters controlling both shape and texture. 

2.5. Estimation of skeletal maturity 

Given the appearance models we can compute shape, texture and 

appearance parameter vectors for each structure on each image. 

We use classical linear regression of the form, A = wT P + Ao, 
where A is the predicted age, w is a vector of weights, p is the 

parameter vector and Ao is a constant. In the following we describe 

experiments comparing the performance of different models of the 

carpal bones [1]. 



3. EXPERIMENTS 

In order to locate the area containing the carpal bones, we built mod

els of 14 points which can be reliably found on almost all hands. 

These include the 9 points shown on Figure 3 as well as S more on 

the top end of each of the metacarpals shown in Figure 2. 

(a) (b) (c) 

Fig. 2. Qualitative results of automatically segmented initial 14 

points using RF regression voting. 

The system combined a Hough Forest-like global search with 

local refinement (as in [IS]). To evaluate the system we trained 

two models, one on the males, one on the females, and applied each 

model to the images from the other sex. The images were also man

ually annotated and the annotation was compared with the automatic 

points resulting into point to point errors of 1.5mm ± 0.06. It 

should be noted that this error is higher than the reported error from 

[IS], whose method we adopted. The reported point to curve error 

of less than Imm for 98% of their images. The difference may be 

attributable to the sparse nature in the number of our points. We used 

14 points to describe the entire area while they used 6S points due 

to the nature of their segmentation. However visual observation of 

the segmented carpal for most of the images are accurate as shown 

in Figure 3. 

a) Good b) Acceptable c) Good 

Fig. 3. Qualitative results of automatically segmented 9 points (ex

tracted from the 14 points) using RF regression voting. 

In our earlier work [4] we evaluated the utility of models of sev

eral structures of Carpal bones to estimate skeletal maturity, however 

the models were built from manual annotations. In this work we 

built models from fully automatic annotations as shown in Figure 3 

and compare with the performance of equivalent model built from 

manual annotations. The resulting models are shown Figure 4a for 

automatically built models and Figure 4b for manually built models. 

below 

Images of males and females were pooled to create both the au

tomatic and manual models. For each model we computed the tex

ture parameters for every i mage. In our earlier work [4] we had com-

(a) 

(b) 

Fig. 4. Texture based appearance models (a) The first mode of varia

tion of texture models from the 9 automatic points. (b)The first mode 

of texture models variation from the 9 manual points. 

puted for each model of different Carpal structures, the shape, tex

ture and appearance parameters for every image and using a method 

described below estimated bone age based on these three features. 

Texture model predictions 

Tex No of images 

Female texture - manual 0.4l±0.02 123 

Female texture - automatic 0.43 ±0.02 123 

Male texture - manual 0.S2 ±0.03 161 

Male texture - automatic 0.S3 ±0.03 161 

Table 1. Average performance various carpal based models - Mean 

absolute prediction error for male and female (years)from texture 

based models 
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(b) 

Fig. S. Scatter plot for texture model from automatic point. (a) The 

plot of predicted ages against average bone age readings for female 

(b )The plot of predicted ages against average bone age readings for 

male 

In this work, we evaluated the utility of linear age prediction 

models using a Leave-One-Out (LOO) paradigm. We trained linear 

regressors to predict age on all but one image, then tested the predic

tion on the left-out image. Since male and female children are known 

to develop at different rates, different regressor models were used for 

the male and the female sets. We evaluated performance using the 

mean absolute error between prediction and the average of the expert 

readings which we refer to as 'common' bone age. Figure S shows 
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Fig. 6. Scatter plot for texture model from manual point. (a) The 

plot of predicted ages against average bone age readings for female 

(b)The plot of predicted ages against average bone age readings for 

male 

the scatter plot of the performance of the extracted texture parame

ters from the Statistical appearance models. Table 1 also show the 

summary of the same results 

4. DISCUSSION AND CONCLUSION 

The results in Table 1 and Figures 5 and 6 show that there is a lin

ear correlation between the predicted ages and the experts' ground 

truth ages. These results are also better than the results reported in 

[3] where we manually annotated different combinations of carpals 

bones to predict skeletal maturity. The fully automatically built tex

ture model result of mean absolute errors of 0.43, 0.53 years in 

Table 1 compares favourably with other figures from the literature 

[20], [19], [4], [13], [14] and [10]. This shows that the simple auto

matic texture based Statistical Model of appearance method can used 

be to accurately estimate skeletal maturity of infants. This approach, 

also opens up possibilities for a variety of other datasets where corre

spondence is an issue. It should be possible to improve the accuracy 

of the point segmentation beyond the 1.5mm that we currently ob

tain, especially having earlier reported a point placement error of 

0.7mm, [2] with a similar data-set. However, this positional error 

does not seem to have negatively affected the skeletal age predic

tion results. We hope to apply this method to other growth related 

medical datasets where correspondence is a significant problem. 
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