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Scale-aware EfficientDet: real-time pedestrian
detection algorithm for automated driving

Xu Xinkai'?*, Ma Yan®, Qian Xu', Zhang Yan'
1. China University of Mining and Technology ( Beijing) , Beijing 100083, China; 2. Beijing Engineering Research Center of
Smart Mechanical Innovation Design Service, Beijing Union University, Beijing 100101, China

Abstract: Objective Pedestrian detection is a crucial safety factor in autonomous driving scenarios. Consistent pedestrian
detection results play a particular role in path planning and pedestrian collision avoidance. In recent years, pedestrian
detection algorithms have become a research hotspot in the field of autonomous driving. For the pedestrian detection task,
several problems need to be solved. 1) Pedestrian occlusion in traffic scenes. Pedestrian occlusion is a challenging driving

safety problem in autonomous driving scenarios. Pedestrians who are obscured by other objects ('such as buildings, vehi-
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cles, and other pedestrians) are difficult to detect. 2) Small pedestrian detection accuracy needs to be improved. In an
autonomous driving environment, the accuracy of pedestrian detection plays a crucial role in vehicle control systems based
on vision algorithms. When the vehicle speed is fast, the pedestrians at a long distance need to be detected accurately.
With the need for low algorithm power consumption and good operating efficiency, designing an algorithm suitable for pedes-
trian detection to maintain excellent detection performance under the premise of achieving real-time performance is a diffi-
cult problem. Method This paper proposed a real-time pedestrian detection algorithm called scale-aware and efficient object
detection ( Scale-aware EfficientDet) based on EfficientDet, which achieves state-of-the-art performance in object detec-
tion. Our approach aimed to solve the problems of high time consumption, pedestrian occlusion, and low accuracy of small
pedestrian detection results in autonomous driving scenarios. Most of the computing power and running time of the existing
object detection algorithms are consumed in the visual feature extraction stage, so the use of a lightweight feature extraction
network is a crucial factor in improving the efficiency of the algorithm. Our method uses EfficientDet in feature extraction to
ensure the algorithm’ s computational efficiency and power consumption balance. Our approach aimed to observe occluded
pedestrians precisely. The loss function was introduced to improve the model’ s detection accuracy of occlusion phenomena.
The function can enhance the feature difference between pedestrians and other objects, and reduce the feature difference
between occlude pedestrians and normal pedestrians. In terms of improving the accuracy of small target pedestrian detec-
tion, we use the scale-aware mechanism to enhance the algorithm’ s detection accuracy for small target pedestrians. Result
The Caltech pedestrian dataset was used for model comparison. You only look once (YOLO), YOLOV3 scale-aware fast
region-based convolutional neural network (fast R-CNN) , and other algorithms are selected for comparison. In terms of
operating efficiency, our algorithm achieves 35 frame/s with continuous input of a single frame image and a working effi-
ciency of 70 frame/s with multi-image input. In the test of model accuracy, our algorithm is more accurate than YOLOvV3,
SA-FastRCNN ( scale-aware fast region-based convolutional neural network ), EfficientDet, and other algorithms. In the
preliminaries and finals of the China Intelligent Vehicle Championship ( CIVC) 2020, the safety and obstacle avoidance
links all received full marks. Conclusion To address the problems of detection speed in pedestrian detection in autonomous
driving, this paper designs the scale-aware EfficientDet real-time pedestrian detector, which is based on the efficient and
high-precision EfficientDet. Our method solved the insufficient detection accuracy for occluded pedestrians and the high
missed detection rate of small-scale pedestrians. In accordance with the occlusion characteristics of pedesirians, the loss
function with repulsive force is used to solve the problem of pedestrian occlusion. Considering the significant differences in
visual appearance and exiracted feature maps between small-scale and large-scale pedestrians, scale-aware networks are
used separately to minimize the missed detection rate of small-scale pedestrians. The improvements in these two aspects fur-
ther improve the robustness of the designed detector. In future work, our methods can be adjusted to improve detection per-
formance, find optimization methods, and improve neural networks. The detection performance and detection accuracy can
be further improved to promote its better application in the field of autonomous driving.

Key words: automated driving; pedestrian detection; object detection; EfficientDet; convolutional neural network ( CNN)
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Table 1 Comparison of EfficientDet model accuracy
(MS COCO 2017 datasets)

254/ FLOPs/

BUR AP APy, AP, APy AP, AP AP T 5

DO 33.8 52.2 35.8 12.0 38.3 51.2 33.5 3.9 2.54
D1 39.6 58.6 42.3 17.9 44.3 56.0 39.1 6.6 6.10
D2 43.0 62.3 46.2 22.5 47.0 58.4 42.5 8.1 11.0
D3 45.8 65.0 49.3 26.6 49.4 59.8 45.9 12.0 24.9
D4 49.4 69.0 53.4 30.3 53.2 63.2 49.0 20.7 55.2
D5 50.7 70.2 54.7 33.2 53.9 63.2 50.5 33.7 135.4
D6 51.7 71.2 56.0 34.1 55.2 64.1 51.3 51.9 225.6
D7 53.7 72.4 58.4 35.8 57.0 66.3 53.4 51.9 324.8

SEIE R (average precision, AP) J& HARKE I
SAAG BEAR I A FE B AR bR, R 1 h AP SRORBL
TE MS COCO 2017 % 4f £ v I3k £ iy A6 I 53 %55

AP 3R 7R B8 A 2 B A 0 E A v 4 A T 43
AP, FR 2458 IF HLES 0% 52K 43 K0 AP, %
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%2 EfficientDet #%) % B b 42
Table 2 Comparison of EfficientDet model speeds

BB AP batchl batchl batch8
latency/ms  throughput/ (/s ) throughput/ (/s )
DO 33.8  20.4 48 104
Dl 39.6 27.2 35 70
D2 43.9 359 27 47
D3 45.8 59.5 12 28
D4 49.4  86.4 10 12
D5 50.7 149.8 6 8
D6 51.7 190.5 5 -
D7 53.7 251.7 3.9 -

T T HRS <1 WS A ARTI SRR

7824 ToU MR 75% (0502 46 0 23 %505 AP R /R SR TE
AR /N HBR B ARG I 70 %05 AP R BE AR %
Bl b b &5 H AR A 23 %50 AP, RR AR X
B H K H bR B9 53 %4 FLOPs (floating point
operations ) 8 TR 058 R, W ke Al e vk /B
MR,

7% 2 "1 batchl latency &7 484 5 (1 %y A 1%
By 1 AR R HE B — YR A0 T A4 I 1] 5 batehl
throughput &7 AU (1% A UG E R 1 I A5
HEPR— KBS AU IR ; batch8 throughput 7R 245 A fiY)
i A PEVREC S 8 I SR A L — YR A TR

A SR R AT AR SR AT Dollar 45 A
(2012) #EH ) Caltech pedestrian detection 17 A
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Fig.5 Comparisons with state-of-the-art methods

on the new Caltech test subset
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