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Abstract: With the goal to screen high-risk populations for oral cancer in low- and middle-
income countries (LMICs), we have developed a low-cost, portable, easy to use smartphone-
based intraoral dual-modality imaging platform. In this paper we present an image 
classification approach based on autofluorescence and white light images using deep learning 
methods. The information from the autofluorescence and white light image pair is extracted, 
calculated, and fused to feed the deep learning neural networks. We have investigated and 
compared the performance of different convolutional neural networks, transfer learning, and 
several regularization techniques for oral cancer classification. Our experimental results 
demonstrate the effectiveness of deep learning methods in classifying dual-modal images for 
oral cancer detection. 

© 2018 Optical Society of America under the terms of the OSA Open Access Publishing Agreement 

1. Introduction 

Oral cancer ranks the sixth most common malignant tumor globally with high risk in low- and 
middle-income countries (LMICs). Globally, there are an estimated 529,000 new cases of oral 
cancer with more than 300,000 deaths each year [1]. The most common risk factors include 
tobacco chewing, smoking, alcohol consumption, human papillomavirus (HPV) infection and 
local irritation [2]. Overall, the five-year survival rate for oral and oropharyngeal cancers is 
about 65% in the United States [3] and 37% in India [4]. Early diagnosis increases survival 
rates. In India, the five-year survival rate of patients diagnosed at an early stage is 82% 
whereas the rate is 27% when diagnosed at an advanced stage [5]. With half of all oral 
cancers worldwide diagnosed at an advanced stage, tools to enable early diagnosis are greatly 
needed to increase survival rates [6]. 

Biopsy, the gold standard for diagnosis of oral cancer, is often not ideal as a screening 
tool, due to invasive nature and the availability of limited expertise at point-of-care [7]. The 
clinical standard for oral lesion detection is conventional oral examination (COE), which 
involves visual inspection by a specialist. However, most high risk individuals don’t have 
access to doctors and dentists in LMICs due to inadequate trained specialists and limited 
health services [8]. Therefore, a point-of-care oral screening tool is urgently needed. In our 
previous study using a mobile phone, it was proved that remote specialist consultation 
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Table 1. Image data set used for developing deep learning image classification method. 

 Training set Validation set 

Normal 66 20 

Suspicious 64 20 

 
In the study, we have compared the performance of different networks, applied data 

augmentation and regularization techniques, and compared our fused dual-modal method with 
single modal WLI or AFI. For each comparison, all settings except the one under 
investigation are fixed. 

3.1 Architecture 

While increasing the depth of network is typically beneficial for the classification accuracy 
[48], sometimes the accuracy becomes worse when training a small image data set [52]. To 
achieve the best performance with our small data set, we have evaluated a number of neural 
network architectures. Figure 6(a) shows the performances of three different architectures: 
VGG-CNN-M, VGG-CNN-S, and VGG-16. VGG-16 contains 16 layers, of which 13 are 
convolutional layers. VGG-16 has the largest number of convolutional layers of the three 
networks, but the worst performance. Both VGG-CNN-M and VGG-CNN-S have five 
convolutional layers. In VGG-CNN-M the stride in layer conv2 is two and the max-pooling 
window in layers conv1 and conv5 is 2x2. In VGG-CNN-S the stride in layer conv2 is one, 
and the max-pooling window in layers conv1 and conv5 is 3x3. VGG-CNN-M has the best 
performance, and we use this architecture in our study. 

3.2 Data augmentation 

Data augmentation is implemented to increase the data set size. Figure 6(b) shows the 
increased accuracy from using data augmentation. As expected, the accuracy increases with a 
larger data set. 

3.3 Regularization 

Various weight decay parameters have been explored and λ  = 0.001 has the best 
performance as shown in Fig. 6(c). Additional studies could help to find the optimal weight 
decay value. As shown in Fig. 6(d), we can further improve the performance by applying the 
dropout technique. 
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4. Discussion 

The images in this study were captured from buccal mucosa, gingiva, soft palate, vestibule, 
floor of mouth and tongue. One challenge associated with the current platform is that 
different tissue structural and biochemical compositions at different anatomical regions have 
different autofluorescence characteristics, so the performance of the trained neural network 
will be potentially impacted. This problem could be addressed in the future when we have 
sufficient image data at every anatomical region to train neural networks and classify each 
anatomical region separately. 

In this study, our goal is to develop a platform for community screening in LMICs, we 
currently focus on distinguishing dysplasia and malignancy tissue from normal ones. While, 
in clinical practice, it would be of interest for clinicians to distinguish different stages of 
cancerous tissue, this work provides the platform for further studies towards a multi-stage 
classification in the future. 

One remaining question on is whether the images marked as clinically normal or 
suspicious actually reflect the true condition of the patients because the diagnosis results from 
the specialists are used as the ground truth, not the histopathological results. The device will 
act as a screening device at rural communities, and patients will be referred to hospitals and 
clinics for further test and treatment if a suspicious result appears. 

5. Conclusion 

Smartphones integrate state-of-art technologies, such as fast CPUs, high-resolution digital 
cameras, and user-friendly interfaces. An estimated six billion phone subscriptions exist 
worldwide with over 70% of the subscribers living in LMICs [53]. With many smartphone-
based healthcare devices being developed for various applications, perhaps the biggest 
challenge of mobile health concerns is the volume of information these devices will produce. 
Because adequately training specialists to fully understand and diagnose the images is 
challenging, automatic image analysis methods, such as machine learning, are urgently 
needed. 

In this paper, we present a deep learning image classification method based on dual-modal 
images captured from our low-cost, dual-mode, smartphone-based intraoral screening device. 
To improve the accuracy, we fuse AFI and WLI information into one three-channel image. 
The performance with fused data is better than using either white light or autofluorescence 
image alone. 

We have compared convolutional networks having different complexities and depths. The 
smaller network with five convolutional layers works better than a very deep network 
containing 13 convolutional layers, most likely due to the increase of the network’s 
complexity causing overfitting when training a small data set. We have also investigated 
several methods to improve the learning performance and address the overfitting problem. 
Transfer learning can greatly reduce the number of parameters and number of images needed 
to train. Data augmentation used to increase the training data set size and regularization 
techniques such as weight decay and dropout are effective in avoiding overfitting. 

In the future, we will capture more images and increase the size of our data set. With a 
bigger image data set, the overfitting problem will reduce and more complex deep learning 
models can be applied for more accurate and robust performance. Furthermore, due to the 
variation in tissue types in the oral cavity, performance is potentially degraded when 
classifying them together. With additional data, we will be able to perform more detailed 
multi-class (different anatomical regions) and multi-stage classification using deep learning. 
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