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Coronavirus is now a global pandemic, thus the detection 
of infected subjects in an early, quick and cheap manner is 

urgent. Deep  learning  for  Covid-19 detection using  X-ray  im-
ages  is  an  attractive  approach, however it requires large labelled  
datasets. To overcome this challenge, a semi-supervised deep learn-
ing (SSDL with MixMatch) model using both labelled and unlabelled 
data is proposed, with the MixMatch architecture to classify chest 
X-rays into Covid-19, pneumonia and healthy cases. We  also intro-
duce a semi-supervised deep learning boost coefficient aimed to 
ease performance comparison of semi-supervised architectures.

  

The data used is openly available from 
Dr. Cohen’s repository for COVID-19+ 

cases [6], and a dataset of Chinese patients for 
COVID-19- cases. The  dataset  contains  chest  X-ray  
imagesfrom  around  100  patients,  with  ages  ranging  
from  27  to  85years old.  For  the  pneumonia  and  nor-
mal  observations,  we  used  thedata  availaible  in  [5].  From  
such  dataset,  we  selected    4273  observations  of  pneumo-
nia  (including viral  and  bacterial)  and  1583  of  normal  patients. 
To avoid a class bias, in most of this work we use an under sam-pled 
dataset, containing 102 images for each class. We tested different 
gamma coefficients with a WideResNet model, to evaluate the im-
pact of unlabeled data. We used 25% of the dataset for testing, 
and reported the best accuracy along training, implementing early 
stopping to avoid overfitting.

M ix Match minimizes the following loss function

  Where the first labelled term uses the augmented labelled 
dataset and the second one uses the unlabelled augmented 

dataset (weighted by gamma), which is obtained using the Mix-
Up augmentation procedure, which creates linear combinations 

of the data: 

            For the unlabelled term, MixMatch measures the consistency of the              
model output and the pseudo-labels using unlabelled augmented 

data:  

 The pseudo-label is calculated as the average label 
of the model when transforming the input: 

 
Sharpened label has proven to improve the 

We tested different unlabelled term 
weights, with positive gains when 

few labels are available of up to 15%, making the 
approach useful during the beginning of a virus out-

break. Heatmaps in general showed to be more seman-
tically relevant for the semi-supervised model. The pro-

posed semi-supervised  accuracy  boost  coefficient enables 
the comparison of SSDL methods in practical applications, along 

a scalability analysis with different labelled/unlabelled data sample 
sizes. Scalability problems for the tested MixMatch approach were 
revealed, with  less gain using more labels. Future work: analyzing 
the impact of SSDL in model robustness and uncertainty is import-
ant for medical applications. 
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Heatmaps for the input images (left column), for the supervised model (cen-
ter), and SSDL model (right)

SSDL accuracy gains against supervised learning, and scalability curves with dif-
ferent labelled/unlabelled data ratios.
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Use Mix Match for SSDL leveraging unlabelled data 
with limited labelled observations, and evaluate its 

scalability with the proposed SSDL boost coefficient. To 
compare SSDL methods, a measurement including different 
aspects is important, taking into account the proportion of 
unlabeled and evaluation data, through the usage of the proposed 

 Ratio of labeled data: 

  Ratio of test data:   

 SSDL  boost coefficient: 
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