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ABSTRACT

For autonomous driving, we explored a method for safe autonomous driving based on the given hardware
conditions, taking into account the performance (accuracy, processing speed) of image recognition tasks
performed by the corresponding sensors. In particular, we analyzed the performance of multiple image
recognition optimization tasks through multi-task learning (MTL), which can process several tasks
simultaneously, and proposed a MDE (Multi-task Decision and Enhancement) algorithm for optimization. Using
this MDE algorithm, it is possible to determine multiple working sets that can minimize the overall delay time
while optimizing accuracy. As a result of the experiment, we achieved up to around 15-54% reduction in

execution time with similar accuracy performance through this strategy.
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Fig. ‘l, System Architecture of Multi-Task Learning for Autonomous Driving
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Table 1. Performance of object detection task

1 task| 3 task (OD+LD+DAS)
RN | UN | FPN | BiFPN | PFPN

YP | HN

mAP 0.80 | 0.38 | 0.51 | 0.85 | 0.85 |[0.76|0.77

Lat (ms) | 37.7 | 345 | 315 | 347 | 347 [54.8/61.1
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E 2. Tk 99 Q) Alaze) A%
Table 2. Performance of drivable area detection task

1 task
model UNet FPN BiFPN PFPN
Loss Dice Dice Dice Dice
ACC 0.94 0.93 0.95 0.95
Lat (ms) | 22.5 22.7 23.1 233
2 task
model UNet FPN BiFPN PFPN
Loss Dice Dice Dice Dice
ACC 0.93 0.94 0.95 0.95
Lat (ms) | 262 26.7 27.7 27.9
3 task
model UNet | FPN |BiFPN| PFPN | YP | HN
Loss Dice | Dice | Dice | Dice T;/kaer Tgt,rs
ACC 0.45| 046 | 0.44 | 040 | 097 | 091
Lat (ms) | 37.7 |34.56| 31.5 | 32.7 | 54.8 | 61.1

Fl

3.
b

RS EERRERS
le 3. P

e erformance of lane detection task

—

a

1 task 2 task

UFLD | CLRNet| UNet| FPN | BiFPN| PFPN

Loss LS Line | Dice | Dice | Dice | Dice

ACC 098 | 099 |095]097| 098 | 0.99

Lat (ms)| 10.7 11.2 | 262|267 277 | 279

3 task

UNet | FPN |BiFPN| PFPN| YP | HN

Tyvers| Tvers

Loss Dice | Dice | Dice | Dice
ky | ky

ACC | 044|045 | 042 | 038 | 0.70 | 0.85

Lat (ms)|54.56|51.56| 52.79 | 54.76 | 54.8 | 61.1

E 4. 2 shebolele] WE 4% (LD, DASS FEARE

95%, OD2| %3 mAP 0.80)
Table 4. Performance by Parameter

2 task 3 task
(Requirement Satisfied) | (Unsatisfied)

UNet | FPN |BiFPN|PFPN| YP | HN

Parameter|3.1M |2.5M | 2.8M | 3.3M | 7.9M |12.8M

Lat (ms) | 26.2 | 26.7 | 27.7 | 27.9 | 54.8 | 61.1

3 task (Unsatisfied)

UNet FPN BiFPN PFPN

Parameter| 4.3M 3.8M 3.5M 4.9M

Lat (ms) | 54.5 51.5 52.7 54.7
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(b) FPN

(c) BiFPN

(d) PFPN

32l 2. 2 task (LD+DAS) 538 23} o4
Fig. 2. Examples of 2 task (LD+DAS)

(d) PFPN

32l 3. 3 task (OD+LD+DAS) 48 23} oj|4]
Fig. 3. Examples of 3 task (OD+LD+DAS)
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