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ABSTRACT

The mobile robot requires continuous awareness of the context of the spatial environment to carry out given
missions precisely. Recently, CNN, a kind of deep learning technology, has been used to classify scenes from
camera images to recognize the space. We need lightweight robots so that mobile robots can be used in
various applications broadly, but the CNN-based sceneclassifier requires high computation resources and battery
consumption. In this paper, we propose a scene classification technique based on scene change detection to
reduce computational complexity. The proposed scene classifier shows a similar performance to the previous
CNN-based scene classifier, but the computational complexity is about half. The proposed classifier uses a

low-complexity scene change detector to reduce complexity. The compute-intensive CNN classifier is only
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triggered when the scene change is detected. We evaluated the proposed scene classifier using indoor videos to

verify whether it can be applied to indoor mobile robots. The analysis results show that the proposed classifier

can achieve scene classification with similar accuracy with computing resources of about 45.49%.
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Table 1 Scene Change Detecuon Algorithm

1: Input:

2: IiImage captured by the camera at “t” time

T, Ti—Threshold for the amount of change

3 for brightness and hue

4: Output:

5: If the scene has changed (True or False)
6:  Initial:

7, l(;;pévg,l,l sHsp;géaSS, Brightness, Hue of

8: H,(): Compare to Histograme function

9: While I, != null :

10: G<Gaussain_Blur(I,)
11: M<«Max_Pooling(G)
12: B.<— matrix brightness of Current Scene

) H.< matrix hue of Current Scene
13: if G, == null:
14: (Bp, Hp)<—(Bc, Hc)
15: return True;
16: else:
17: Vo—Hu{(B,, Bo): Brightness histogram

) comparison value
18: Viw—H,{(H,, H.): Hue histogram

' comparison value
19: if Vp < T, or Vy < T :
20: (B, Hy)< (B, Ho
21: return True;
22: else:
23: return False;
24: end
25: end

* (CClass of Current Scene(In Scene
Clasification module)
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