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ABSTRACT

In order to solve the problem of object detection in autonomous driving environment, the Deep Learning-based
Object Detector was separated into four areas: Stem Block, Backbone Network, Detector, and Extra Layer, and
several deep learning optimization techniques were applied to each layer. The accuracy of the model and the
Inference Time were conducted cost-effectively through the rich Recipient Filed compared to the computational
complexity. This allows the autonomous in the environment, classification performance and accurate localization
dnn based object detector the design. When comparing accuracy and speed in an autonomous driving
environment with M2Det, a state of the art model of SSDs, the real-time object detector was 1.9 times faster,

with a 1.4% difference in mAP.
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Table 4. Result of Accuracy Experiment

Model Original Ours
Our41 64.4 87.4
Ourl21 83.5 95.6
Ourl61 86.3 92.3
Ourl69 86.7 83.6
Our201 89.4 88.6
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Table 5. Ablation Study

¥ 3. 584 Ay A3

Table 3. Result of Efficiency Experiment
Model Flops Parameters(MB)  Efficiency
Our41 1.72—1.05 1.41—-2.17 2.49
Ourl2l  5.96—9.64 7.86—27.1 2.13
Ourl6l  16.1—19.5 28.1—-62.1 2.15
Ourl69  7.04—17.3 12.7-70.5 2.27
Our201  8.97—334 18.3—119 1.72

Model mAP:0.75 mAP:IOU  FPS
STDN 15.5 315 29
Our169 17.3 36.5 25
Ourl69+VLF 17.1 36.2 32
Our169+VLF+LP 17.4 36.8 39
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Table 6. Benchmark of Object Detector

Model Input - AP:0.75 mAPIOU FPS
Size

SSD+VGG 300 9.3 13.5 62
SSD+VGG
RFB 300 11.8 15.8 34
FSSD
+Mobilenetv2 300 93 11.6 2
M2Det 320 20.1 38.4 21
Our41 321 11.3 15.2 64
Ourl69 321 17.3 36.5 39

AelA wel Al AAEE = 4 248
E 7. Detection A2}
Table 7. Detail Detection Results

Model 0'257 AP 0.75 AP 0.8 0.8?:5.95
bike 23.6/27.7 9.8/10.5 5/14.2 0.7/3.7
bus 50.9/53.8 45.5/47.2 39.8/42.3 17.6/17.4
car 50.1/51.2  36/36.5 30.6/30.8 13.1/13.5
motor 22.3/269  9.9/12 4.5/6.7 0.9/1
person 22.6/28  7.6/10.1 3.5/52 0.4/0.6
rider 18.8/24.8 6/9.2 2.3/4 0.3/0.3
traffic light 13/16.7 2.3/2.8 0.9/1 0
traffic sign 29.3/35.6 13.7/15.6  8.7/9.5 2.1/2.2
train 0 0 0 0
truck 49.5/52.5 42/43.4 35.6/36.9 13.3/13.8
mAP 28/31.7 17.3/18.7 13.1/15.1 4.8/5.2
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