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Fig. 5. Examples of Real-time On-Road Risk Detection Results

Experiment Results

Knowledge distillation is model compression method in which a 
small model is trained to mimic a pre-trained larger model (or 
ensemble of models). This training setting is sometimes referred to 
as “teacher-student’’.

In  this  way,  a  small  network  can  have  the  performance  
comparable  to  the  large  network  but  in  a  lightweight structure.
The following diagram illustrates the training details of the student 
model.

Fig. 4. Knowledge distillation for model compressing

Real-time On-Road Risk Detection

On-road Risk Definition and Region Partition

Fig. 1. Definition of Different Risk and Partition for 22 Detected Regions.

Fig. 2. Intel RealSense Depth Camera D435 used for capture road images.

In this study, we use a mobility scooter as our on-road risk detection device  to  
determine  the  approximate  location of  obstacles,  we  divide  the road-region 
into  twenty-two  square  sub-regions. Fig. 1 shows the exact method for our 
region partition method;  the  white  tapes  on  the  floor  are  the  reference  lines. 
The  remaining  areas  in  the  view  are  not  considered  in  the road detection 
range. 

During the risk  detection  task,  we  pass  all  the  twenty-two  sub-regions as  
a  batch  to  our  classification  model. In  this  way,  we  can transform  a  
complex  object  detection  problem  into  a  simple classification problem for 
the on-road risk detection task.

In order to capture road distance data,  an  Intel  RealSense  Depth camera  
D435  is  used  as  shown  in  Fig.  2  and  mounted  on our  experimental  
mobility  scooter.  The  depth  camera  D435 combines  the  depth  module  and  
RGB  module  to  provide  a wide view of the field that makes it more reliable 
and preferred solution for fast-moving applications.

Fig. 3. Architecture of proposed detection method

We  propose  an  obstacle  detection  and  recognition  method 
for  a  mobility  scooter.  Unlike  existing  methods,  our  method 
aims  to  build  a  real-time  low-cost  risk  detection  system  at 
low-computational  devices  like  mobility  scooter.  Our  overall 
detection  structure  is  illustrated  in  Fig.  3.  
Our  ideas  can  be divided  into  the  following  parts: 
 First,  we  only  focus  on detecting  and  recognizing  the  

obstacles  on  the  road  rather than  all  the  obstacles  in  the  
view.  

 Second,  we  transform  the object detection problem into 
several image classification tasks by  fixing  the  quantity  of  
region  proposal.  

 Third,  in  order  to speed  up  the  inference  phase  on  mobile  
devices,  we  train  an accurate yet lightweight classification 
neural network using the knowledge  distillation  framework. 
This approach provides us with performance comparable  to  the  
state-of-the-art  DNNs  but  significant reduction in 
computational complexity. And  also,  to  decrease  the required 
amount of memory and get shorter inference time, we use 
mixed-precision training technology to get a compact deep 
learning model. 

 Finally, we deploy the distilled  neural  network  on  the  mobile  
device  equipped  with only one Intel Neural Compute Stick 2 
which is hardware accelerator with very low power 
consumption for running AI algorithms in mobile devices. 


