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Proposed Solutions

Part II: Multi-camera Composite Images to provide
ant i high throughput for multiple cameras.
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9



Ming Yang - RTAS 2019

Stage 0
O )

Stage 1
C )

\___/

10

Stage N-1
)
\____/

 Generalize concept of
layers Into



Stage () Stage 1 Stage N-1

Queue 1 Queue N-1
Queue 0 11321 7 T
> > . >
\____/ \_____/ ./
Frames Bookkeeping . Generglize concept of
0 ; data layers into stages
1 I | o « Communicate data
? . o __ between stages using
) " Frame 3 PGIMRT (a processing

graph management tool)

Ming Yang - RTAS 2019 11



Shared CNN

— — TN Detection box results
Stage 0 Stage 1 Stage N-1
Queue 1 Queue N-1
N Izl ) C )
> >
\____/ \____/ \____/
S Bookkeeping  (Generalize concept of
o data layers into stages
0
l 1 e Data for « Communicate data
: 2 o for between stages using
Data f :
’ 3 S PGMERT (a processing

graph management tool)

e Share CNN among

multiple cameras
Ming Yang - RTAS 2019 12



Different Execution Methods

Part I:

Parallel
Execution

13



Different Execution Methods

SERIAL private CNN in one process
Part I:

Parallel
Execution

13



Different Execution Methods

SERIAL private CNN in one process
Part I:

Parallel
Execution

PIPELINE :@ shared CNN that has one thread per stage

13



Different Execution Methods

SERIAL private CNN in one process
Part I:

Parallel
Execution

PIPELINE :@ shared CNN that has one thread per stage

PARALLEL : shared CNN that has multiple threads per stage

13



Part I:

=]

Parallel
Execution

SERIAL

PIPELINE

PARALLEL

CPU

GPU

CPU

GPU

CPU

GPU

14



Part I:

=]

Parallel
Execution

SERIAL

PIPELINE

PARALLEL

CPU

GPU

CPU

GPU

14




Part I:

=]

Parallel
Execution

SERIAL

PIPELINE

PARALLEL

CPU

GPU

CPU

GPU

14



Part I:

=]

Parallel
Execution

SERIAL

PIPELINE

PARALLEL

GPU

CPU

GPU

CPU

GPU

R

I

.

A

l

=

x
|

14



Part I:

=]

Parallel
Execution

SERIAL

PIPELINE

PARALLEL

=

R ! 2R l Vo
GPU ; (T T 1 [ ] | |
cpué
E L1 1 |
GPU%
cpug
GPU%

14



SERIAL L1 ! L1 ! L1
GPU T 11 [T ] |

Part I: CPU

Barallel PIPELINE 1 T ]
Execution §

GPU;

CPU

PARALLEL

GPU

14



SERIAL L1 ! L1 ! L1
GPU T 11 [T ] |

Part I: CPU
Parallel PIPELINE 1T 1 |
Execution § | [ ]
GPU [T ]
CPU.
PARALLEL
GPU.

14



SERIAL T
GPU. [T 1T [I7 |

Part I: CPU

Parallel PIPELINE
Execution

GPU

CPU

PARALLEL

GPU

14



SERIAL T
GPU. [T 1T [I7 |

Part I: CPU

Parallel PIPELINE
Execution

GPU

CPU

PARALLEL

GPU

14



SERIAL T
GPU. [T 1T [I7 |

Part I: CPU

Parallel PIPELINE
Execution

GPU

PARALLEL

14



SERIAL

Part I:

Parallel PIPELINE
Execution

PARALLEL

14



Evaluation

 \We compared latency and throughput between

e SERIAL
Part I:
Parallel * SERIAL x6
Execution
* PIPELINE
e PARALLEL

e With CNN model Tiny YOLOv2 on CNN framework
Darknet

* On hardware platform: NVIDIA Drive PX 2.

15




Evaluation (Hardware)

NVIDIA Drive PX 2

Part I:

Parallel
Execution




Evaluation (Hardware)

NVIDIA Drive PX 2

rartl: SoC Tegra A

Parallel
Execution




Evaluation Results

120 SERIAL SERIAL X6 PIPELINE _ PARALLEL
| |
: X : ! —» - SERIAL
: : : | —»%- PIPELINE
5 100° | | | | —»- PARALLEL
rant ! < | | | ! =%- SERIAL x6
8 I I | I
Parallel Q 80 - | I : :
Execution = : /x : |
& : _____ X | :
g == |
o 00- | X
C I 7
Q [ I 7
4(-6 : I //
— 40 - ; _____)'(
¥ === === X
20 . | | | |

10 20 30 40 50 60 70 80 90 100
Camera frame rate (frames per second)

18



Evaluation Results

120 SEFEIAL SERIAL ?(6 PIPE.LINE PARALLEL
I I [
| X . | -%- SERIAL
I | | | —»%- PIPELINE
— 100 - | ,' | | == PARALLEL
Part I: T | ,' | | - - SERIAL x6
O | ] | |
Parallel § 80 - | I : :
Execution = | Pa : :
& : _____ X | :
g -=" |
> 60 - e X
- : /
0] I 1 7/
© | L 7
~  40- L I
Higher frame rates (throughput) the better
20 . W
10 20 30 40 50 60 70 80 9 100

Camera frame rate (frames per second)

18



Part I:

=]

Parallel
Execution

Latency (milliseconds)

Evaluation Results

SERIAL SERIAL X6 PIPELINE PARALLEL
120 - - " - :
[ [
QO | | | -» - SERIAL
- | : |
D | I | —» - PIPELINE
100 e | | | - - PARALLEL
QO ] l _)¢ =
= | | | %- SERIAL X6
-+ : [ '
30 > ] [ |
O ! | :
- | | :
O e L
60 1T | X
u | |
QO | |
[
40 c;) L I
J A A

Higher frame rates (throughput) the better

20 -
10 20

30 40 50 60 70 80
Camera frame rate (frames per second)

18

100



Evaluation Results

120 SERIAL SERIAL X6 PIPELINE _ PARALLEL
| |
: X : ! —» - SERIAL
: : : | —»%- PIPELINE
5 100° | | | | —»- PARALLEL
rant ! < | | | ! =%- SERIAL x6
8 I I | I
Parallel Q 80 - | I : :
Execution = : /x : |
& : _____ X | :
g == |
o 00- | X
C I 7
Q [ I 7
4(-6 : I //
— 40 - ; _____)'(
¥ === === X
20 . | | | |

10 20 30 40 50 60 70 80 90 100
Camera frame rate (frames per second)

19



Evaluation Results

120 SERIAL SERIAL X6 PIPELINE _ PARALLEL
' |
' X : ! —-» = SERIAL
: : : | —»- PIPELINE
5 100° | | | | —»- PARALLEL
rant ! < | | | ! =%- SERIAL x6
8 I I I I
Parallel Q 80 - | I : :
Execution = : /x : |
& : _____ X | :
— == |
o 00- | X
C I 7
Q [ I 7
-I(-UJ : I //
— 40 - ; _____)'(
¥ === === X
20 . . ﬁ | |

10 20 30 40 50 60 70 80 90 100
Camera frame rate (frames per second)

19



Evaluation Results

120 SERIAL SERIAL X6 PIPELINE _ PARALLEL
| |
: X : ! —» - SERIAL
: : : | —»%- PIPELINE
5 100° | | | | —»- PARALLEL
rant ! < | | | ! =%- SERIAL x6
8 I I | I
Parallel Q 80 - | I : :
Execution = : /x : |
& [ ==X : ,
> | X=—"" | L &
> 00 - | : X
= : | /
C V4
Q [ I 7
4(-6 : I //
— 40 - ; _____)'(
¥ === === X
20 . | | | |

10 20 30 40 50 60 70 80 90 100
Camera frame rate (frames per second)

20




Evaluation Results

120 SERIAL SERIAL X6 PIPELINE _ PARALLEL
| |
: X : ! —» - SERIAL
: : : | —»%- PIPELINE
5 100° | | | | —»- PARALLEL
ran < | | | | -%- SERIAL x6
O I I | I
] |
Paralle! g 80 : J(/ : |
Execution = : ; | |
& : _____ X | :
g == |
o 00- | X
C I 7
Q [ I 7
4(-6 : I //
— 40 - ; _____)'(
¥ === === X
20 . | | | |

10 20 30 40 50 60 70 80 90 100
Camera frame rate (frames per second)

21



Part I:

=]

Parallel
Execution

Evaluation Results (cont.)

CPUs (%) Memory (MB)
SERIAL 92 774
SERIAL X6 536 4,644
PARALLEL 539 1136

(10 threads per stage)

22



Part I:

=]

Parallel
Execution

Evaluation Results (cont.)

CPUs (%) Memory (MB)
SERIAL 92 274
SERIAL X6
gingle ead per e 219 1,132
PARALLEL 530 136

(10 threads per stage)

23



Evaluation Results (cont.)

CPUs (%) Memory (MB)

Part I:
SERIAL m 774
Parallel
[:] Execution

CPU and memory overheads are acceptable.

PIPELINE
(Single thread per stage) m m
PARALLEL 239 1 136

(10 threads per stage)

24



Evaluation Results (cont.)
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Part I Part I: Parallel Execution
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 With acceptable overheads and

* No accuracy loss
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Evaluation
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Conclusions

* We presented an industrial study that addresses
the challenge of supporting multiple cameras.

» Configurable stages
C] Parallel execution

 Multi-GPU execution
Multi-camera composite image
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Future Work

 Dynamically apply composite-image technique with criticality

change -
L

* Finer granularity of stages

e Dynamically share CNN among multiple models .-».
n-u

=
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