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Driver Distraction Detection Based on Multi-scale Feature Fusion Network

ZHANG Yu-xin"* and CHEN Yi-qiang”
1 Global Energy Interconnection Development and Cooperation Organization,Beijing 100031, China

2 Institute of Computing Technology,Chinese Academy of Sciences, Beijing 100094 , China

Abstract The occurrence of road traffic accidents has increased year by year. Driver inattention during driving is one of the major
causes of traffic accidents. In this paper,we utilize multi-source data to detect driver distraction. However, the correlations derived
from multi-source data will generate feature of high-dimensional entanglement. Existing methods perform similar processing for
data of different sources or simply stick to concatenate multi-source features, which are not easy to catch the key feature of high-
dimensional entanglement. And distracted driving can be affected by many factors. Supervised methods might cause misclassifica-
tion when the type of driver distraction does not exist in the set of the known categories. Therefore, we propose a multi-dcale fea-
ture fusion network approach to tackle these challenges. Basically, it first learns low-dimensional representations from multi-
source data through multiple embedding subnetworks,and then proposes a multi-scale feature Fusion method to aggregate these
representations from the perspective of spatial-temporal correlation, thereby reducing the entanglement of feature. Finally,we uti-
lize a ConvLSTM encoder-decoder model to detect driver distraction. Experimental results on a public loaded drive dataset show
that the proposed method outperforms the existing methods.

Keywords Driver distraction, Unsupervised learning » Multi-source, Multi-scale fusion, Encoder-decoder
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Table 2 Experimental results of MSFFN
EZl Pre/% Rec/ % F1/% Ace/ Y% WA B/ ms
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Table 3 Experimental evaluation of MSFFN from multi-source data

Vi mPre/% mRec/% mF1/%  Acc/% 3% B 18] /ms
S 60. 33 60.09 60.21 61.99 0.7
V1 66.55 66.41 66.48 63. 85 0.8
V2 85.98 87.06 86.52 86.51 1.0
V3 77.63 78.16 77.90 75.94 0.9
S+V1 80.02 81.11 80.56 79. 82 0.9
S+V2 82.65 83.63 83. 14 81.68 1.0
S+V3 78.40 78.96 78.68 79.14 0.9
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Fig. 3 Visualization analysis of MSFFN
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Table 4 Parameter sensitivity analysis of MSFFN

MSFEN  mPre/% mRec/% mF1/% Acc/% W& # [E /ms
[ & d=100,T=20
s=1 79.14  59.56  67.97  67.01 2.4
s=2 77.18  59.25  67.04  66.65 2.4
s=3 96.10  96.01 96.05  96.20 2.4
B & d=100,T=20
T=12 94,46 94.10  94.28  94.49 2.2
T=20 96.10  96.01 96.05  96.20 2.4
[E % d=100,T=20
d=50 92.86  92.73  92.79  93.06 2.3
d=100 96.10  96.01 96.05  96.20 2.4
d=200 95.62  95.91 95.77  95.90 2.4
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Table 5 Comparison between MSFFN and other representation

learning methods

() Z 3 WG R 5 RAE ¥

VS mPre/% mRec/% mF1/%  Acc/% iR # F/ms

CNN 51.26  51.29  51.27  51.09 0.7

LSTM 59.01  59.01  59.01  57.62 0.6
Bi-LSTM 60.33  60.09  60.21  61.99 0.7

Ch) T 35 08 A0 A 5 R A1E 2 2

7k mPre/% mRec/% mF1/%  Acc/% MK EE/ms

VGG 51.72  51.55  51.63  48.08 2.0
GoogleNet  52.52 0. 80 51.64 42,93 1.2
MobileNet ~ 66.55  66.41  66.48  63.85 0.8

(O BHARF 5 RAEF

VS mPre/% mRec/% mF1/%  Acc/% WK # [ /ms

VGG 57.13  56.99  57.06 54,54 1.7
GoogleNet  58.06  54.23  56.08  47.46 1.2
MobileNet ~ 85.98  87.06  86.52  86.51 1.0

(DB — NFRUAE AR 5 R AL~

Wk mPre/% mRec/% mF1/%  Ace/% WK [ /ms
VGG 48.93 48.96 48.94 50. 66 1.5
GoogleNet 53.49 50. 21 51.80 41.05 1.0
MobileNet 77.63 78.16 77.90 75.94 0.9
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Table 6 Comparison between MSFFN and other fusion methods

Vi mPre/% mRec/% mF1/%  Acc/% A B 18]/ ms
Concat 86.79 87.49 87. 14 87.39 2.3
Outer 70.91 70.62 70.76 66.68 2.8
MSFFN 96. 10 96.01 96. 05 96. 20 2.4
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7 MSFEN 15 H Al g gk A% 45 2 19 56 12
Table 7 Comparison between MSFFN and other encoder-decoder
methods

VS mPre/% mRec/% mF1/%  Acc/% 3K Bt ] /ms
FC-AE 45.66 46.73 46.19 51.76 0.2
LSTM-AE 85. 60 87.51 86. 55 85.79 1.9
CAE 79.23 79.92 79.57 79.91 1.6
MSFFN 96. 10 96.01 96. 05 96. 20 2.4
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Table 8 Comparison of model parameters

VS Acc/%  H#HE/M  #E K/N/MB
VGG, 48.08 21.4 81.6
VGGys 50. 66 21.1 80. 6

GoogleNety 42.93 12.5 47.9
GoogleNetys 41.05 8.6 32.7
MobileNety 63. 85 5.4 20.5
MobileNety; 75.94 5.4 20.5
CNNg 51.09 0.7 2.6
LSTMg 57.62 0.6 2.3
BILSTMg 61.99 0.6 2.4
Concat 87.39 14.1 53.7

Outer 66.68 181.4 692. 1
FC-AE 51.76 13.6 51.9

LSTM-AE 85.79 14.2 54.3

CAE 79.91 13.5 51.7

MSFFN 96. 20 14.9 57.2
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