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Introduction

Skeletal age estimation from hand radiology images is extensively
used in endocrinological disease diagnosis, judgment of children’s
growth, and genetic disorder diagnoses [1].

Estimation of bone age from hand radiographs is essential to
determine skeletal age in diagnosing endocrine disorders and
depicting the growth status of children.

However, existing automatic methods only apply their models to test
images without considering the discrepancy between training
samples and test samples, which will lead to a lower generalization
ability.

(a) Sample training images (b) Sample test images (can be quite faint)

Fig. 1: Some bone radiology images from training and test data
(differences be-tween the training and test samples cause the difficulty of
transfer learning).

Transductive transfer learning uses both labeled training samples
and unlabeled test samples to train the model and then uses a trained
model to infer the label of the unlabeled test set. The data bias is
mitigated, which can improve the performance of the test data.

Learning Theory

Problem

Overall architecture.       : regression percentage error loss,         : 
adversarial regression loss,            : feature reconstruction loss,     : 
regressor and       : data regressor.

Feature reconstruction layers (           )

Results

Discussion

Conclusion

References

Ø Ablation study: to demonstrate the performance of model

Ø As the number of loss functions increases, the robustness
of our model keeps improving.

Ø All these different loss functions are important in maximizing
regression performance

What can we learn fromARLNet?
Ø ARLNet reduces the discrepancy between training and test

data. The discrepancy between training samples and test
samples is minimized, the test risk is thus reduced if there is a
difference between training and test data.

Ø The performance of the model will be improved if we feed the
test data during the training processes with ARL.
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Ø We presented an adversarial regression learning network
(ARLNet) for bone age estimation that reduces the
discrepancy between tra in ing and tes t data .

Ø The adversarial regression learning consists of adversarial
regression and feature reconstruction losses. The adversarial
regression loss can push the prototype of bone ages computed
in either training or test data close in the embedding space and
maintain invariant representations across the two datasets.

Ø Feature reconstruction loss guarantees the structure and
content from training and test data, and it will take the decision
of regressor into account to align feature distribution.

Ø Our approach provides a more than 20% error reduction over
the state of the art in two age regression task.

Adversarial Regression Learning [2]

Ø Overall training objective:

Let h be a hypothesis,          and          represents the training and test 
risk (or error), respectively. 

where is the     -divergence of training and test data, C is the 
adaptability to quantify the error in an ideal hypothesis space of 
training and test data, which should be a sufficiently small constant.  

Bone age estimation is a regression problem. 

Given training data       (bone radiology image and gender 
information) with its labels                      and test data          
without its labels (                     for evaluation only)

The goal in bone age estimation is to learn a regressor      to 
minimize the test data risk and reduce the discrepancy 
between training and test data. 

For most existing models, in the absence of data shift, 
regression models simply learn a regressor       that 
performs the task on training data and minimizes the 
following loss function. 

where         is the expectation and      can be any 
appropriate loss function. Eq. 1 only minimizes the 
training risk          .  

(1)

where          and           denote the mean actual and 
predicted bone age in training dataset. For training 
data, such a loss    can capture both individual and 
mean percentage error.  

Eq. 1 did not reduce the data shift issue. Therefore, 
previous works have lower generalization to the 
test data.  

We define as the regression percentage error loss

where            is the mean absolute percentage error 
loss,              is the proposed absolute mean 
discrepancy loss and  α is the balance factor between 
two loss functions. 

Experiments

where         is adversarial regression loss,             is the mapping 
from training to test data;        is the adapted data regressor, and         

contains all training and test samples;        is the data 
label, specifically, $0$ is the label for the training data and 1 is 
the label for the test data;        is the prediction of data label;                

and          denote the mean actual and predicted values of 
training or test dataset and ε is a small number (1e-9) to prevent 
division by 0. 

Ø Feature reconstruction loss

Datasets:
1. Bone-Age 
2. Face-Age
3. MORPH II: 5,492 Caucasians, five-fold cross-validation


