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Bone age assessment model based on multi-dimensional feature fusion using deep learning
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[Abstract] Objective To evaluate the bone age of children using deep convolutional neural network based on feature
extraction combined with key features and demographic information. Methods Left hand X-ray images were automatically
recognized and preprocessed, and then the 17 key region features of bone age in the left hand joint were automatically
extracted by X-ray image analysis method based on deep convolutional neural network. The image features of bone age were
combined with clinical data (population statistics and gender) to train and test the bone age assessment model. Results The
feature region extraction method based on deep learning had better efficiency in extracting feature information than traditional
image analysis method, and the feature information combined with clinical information supplemented the information of
bone age from another dimension. The average absolute error measured by bone age assessment model based on multi-
dimensional data feature fusion was 0.455, which was better than traditional methods and only end-to-end deep learning
method. Conclusion Compared with traditional machine learning methods, the deep convolutional neural network based on
feature extraction has better performance, and can improve the predicting accuracy of image-based bone age by combining
with population information such as gender and age.
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Fig1 Left hand X-ray image from different age ranges and digital radiology (DR) systems

A: 0-3 years old; B: 4-6 years old; C: 7-9 years old; D: 10-12 years old; E: 13-15 years old (white bonding boxes indicate region of

interests); F: 16-18 years old
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Fig2 Network structure of region-based convolutional neural network (RCNN)
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Demographic information

1 0 0 1

X-ray image after RCNN features detection

Gradient method based bone age regression

o
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Fig3 Schematic illustration of automatic bone age regression method

Using faster-RCNN to train the model to get region of interests, 17 regions of interests are detected on left hand X-ray image, and

each image generates a series of deep information, and then using dimension reduction and adding gender and age information, finally

bone age can be regressed with gradient method. RCNN: Region-based convolutional neural network
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Tab 1 Distribution of different real ages in training, validation and test data

Training data Validation data Test data
Real age (year)

Female Male Total Female Male Total Female Male Total
0, 1] 87 97 184 26 25 51 2 5 7
(1,2] 350 401 751 76 100 176 4 2 6
(2,3] 503 596 1 099 127 131 258 9 9 18
(3, 4] 414 353 767 114 84 198 10 17 27
(4,5] 321 356 677 93 79 172 13 19 32
(5, 6] 416 194 610 112 52 164 27 32 59
6, 7] 393 65 458 99 12 111 22 25 47
(7, 8] 337 46 383 82 13 95 44 20 64
(8,9] 497 47 544 131 15 146 148 16 164
9, 10] 613 109 722 133 30 163 257 27 284
(10, 11] 620 198 818 142 59 201 186 55 241
(11, 12] 270 208 478 61 53 114 60 38 98
(12, 13] 180 572 752 45 131 176 7 92 99
(13, 14] 140 535 675 34 164 198 8 44 52
(14, 15] 151 141 292 41 29 70 5 12
(15, 16] 78 65 143 12 27 39 0 4 4
(16, 17] 31 78 109 12 21 33 6 15
(17, 18] 10 14 24 4 3 7 0 0 0
Total 5411 4075 9486 1344 1028 2372 808 421 1229
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Tab 2 Comparison of MAE and amount of data between our experiment and other methods

Reference Method Data sample number MAE
Hsieh, et al (2007) " Fuzzy information 106 2.57
Gertych, et al (2007) ' Active contour 1400 2.10
Giordano, et al (2016) *” Hidden markov model 360 1.82
Thodberg (2009) ™" PCA 1559 0.80
Spampinato, et al (2017) !"* CNN 1 400 0.79
CHBoneAl validation dataset RCNN+XGboost 2372 0.461
CHBoneAl test dataset RCNN-+XGboost 1229 0.455

MAE: Mean absolute error; PCA: Principal component analysis; CNN: Convolutional neural network; RCNN: Region-based

convolutional neural network

®3 BERBREBILE MAE
Tab 3 MAE result among different age ranges

Real age (year) Female Male
0, 1] 0.330 0.309
(1,2] 0.343 0.308
(2,3] 0.413 0.409
(3,4] 0.450 0.468
4, 5] 0.452 0.480
(5, 6] 0.443 0.474
6, 7] 0.482 0.395
(7, 8] 0.508 0.633
(8,9] 0.483 0.476
(9, 10] 0.519 0.525
(10, 11] 0.492 0.486
(11, 12] 0.493 0.524
(12, 13] 0.569 0.448
(13, 14] 0.542 0.440
(14, 15] 0.478 0.446
(15, 16] 0.442 0.321
(16, 17] 0.668 0.600
(17, 18] 1.983 1.940
0-18 0.474 0.445

MAE: Mean absolute error
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