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Monocular Camera based Real-Time Object Detection
and Distance Estimation Using Deep Learning
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Abstract: This paper proposes a model and train method that can real-time detect objects and
distances estimation based on a monocular camera by applying deep learning. It used YOLOvV2 model
which is applied to autonomous or robot due to the fast image processing speed. We have changed and
learned the loss function so that the YOLOvV2 model can detect objects and distances at the same time.
The YOLOV2 loss function added a term for learning bounding box values X, y, w, h, and distance
values z as Z #l|Xification losses. In addition, the learning was carried out by multiplying the distance
term with parameters for the balance of learning. we trained the model location, recognition by camera
and distance data measured by lidar so that we enable the model to estimate distance and objects from
a monocular camera, even when the vehicle is going up or down hill. To evaluate the performance of
object detection and distance estimation, MAP (Mean Average Precision) and Adjust R square were
used and performance was compared with previous research papers. In addition, we compared the
original YOLOV2 model FPS (Frame Per Second) for speed measurement with FPS of our model.
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Type Filters | Size/Stride Output
Convolutional 32 3x3 224 x 224
Maxpool 2 x2/2 112 x 112
Convolutional 64 3x3 112 x 112
Maxpool 2x2/2 56 x 56
Convolutional 128 3x3 56 x 56
Convolutional 64 1x1 56 x 56
Convolutional 128 3x3 56 x 56
Maxpool 2x2/2 28 x 28
Convolutional 256 3x3 28 x 28
Convolutional 128 1x1 28 x 28
Convolutional 256 3x3 28 x 28
Maxpool 2x2/2 14 x 14
Convolutional 512 3x3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3x3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3x3 14 x 14
Maxpool 2x2/2 TXT
Convolutional 1024 3x3 TxT
Convolutional 512 1x1 TxT
Convolutional 1024 3x3 TxT
Convolutional 512 1x1 TxT
Convolutional 1024 3x3 TxT
Convolutional 1000 Ix1 TxT
Avgpool Global 1000
Softmax

[Fig. 2] Network of darknet-19!""!
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[Fig. 3] YOLOV2 Loss fucintion Block Diagram
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[Fig. 4] YOLOV2 Train Method Block Diagram

[Fig. 5] Annotation Information for YOLOv2
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[Fig. 7] Annotation Information for Proposal Model
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[Fig. 8] Proposal Model Train Method Block Diagram

3359

£
)

3.20A] gl nle} 7ho] 71H YOLOV2 2] &2 glo]oje} nl-g-
SIS WASIALKITTI 3D OBJECT DATA S E-83}0] 853191
o} U3 [Fig. 712} [Fig. 8] Z¥2F A8 t|°]E]2] Annotation 7
1o} wdl Hlo]H & &-8-8h 85 735 YERA T19o|th
e} o] &= lojole} &35 WAL HlolEE
T S0l vk 2 8y gL sal] St
1. 713 YOLOv2 228 KITTI 3D OBJECT DATAS] o] 7] %]
9} Annotation} o] 4] BBOX 9} Sefl2~ Gk o & sk
3} pretrained model $+41.
2. 71:& YOLOV2 Rgof|x] n]-8-3l<re} 35 W 7dslal wHEo]
52 pretraind model & £} 10|14 S50l -85t Hjo]E] <]
Annotationol| 4] A2] FE AREF ]—i 219} fine tune S5
S5 oA 13 T Eel A, S TS W3 s}
&3l om 0.3 uj U]——)—\—O] oFA A o] o A
}Fokeh v [Fig 91 & SHMIEIQ A,
2 A% A EE YER 1ot

Adjusted R-squared (%)

——A % —
- PRPNOR

- — _—

—— lambda: 0.1
lambda : 0.3 f lambda : 0.3

—— lambda: 0.5
20

10 20 30 0 50 10 20 30 40 50
Epoch Epoch

[Fig. 9] Performance Indicators by Parameter

34 29 g AE

¥ 12 0.2 Yol of v

4.174% 27

g5 2 HAEES $J3)] AR-SF 2 A9t pe B2 T
< [Table 113} 2tk

[Table 1] Experiment Environment

Deep learning Framework Tensorflow 1.13.1
(ON) Ubuntu 18.04
CPU Intel core i7
Graphics Card Nvidia GTX 1080 Ti (1 EA)
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[Table 2] Test Result
Object Detection | Distance Estimation FPS
(mAP) (Adjust R Square) | (Fram Per Second)
71.2% 92.3% 33 FPS




Held= 28 Tt i 7

prediction

Y x
result
prediction

100 200 300 400
x

[Fig. 11] Kitti Image Data with Annotation Information

A AnE B8l 71 SAAE A 7R MR olE
Eis 7%31 o= A9 80.4%H KT} 11.9% %o 22 YeR)
2t} Z7}1= RSME (Root Square Mean Error) £ A 312
0.6123m= 211 & 4= QJQIrk. &1 T3k 71 YOLOV2 59le] 35
FPS (Frame Per Second) .5} 2 FPS W2 18- 821 5|5t v
[Fig. 10> EAAE 2 7] F55 vehd ojnj#| o] dy-oftt.

58

2 Re Al e Aokt eole, del 5-& 2
ool BARED} A2l 25 S PAS hAL Bt

e} 7] ure] AL B 7Y FES shte) 2
& = e Ak TR 71E B4 A% A3
BBOXe] 7k, Al gk 7]wow 3)7] walgste] 712l o
Sahe T E 5 W BARES} 3 A

AT EA AE R ALY % 367

FE5 ol g5staat apginh Folun) 7)o e &
g w2 s B sfjof spA| Rt Aljbehs HE Sy
S8 AR EA AYE FEE T %1‘:}.
Aljrebs ks AFsahd ZReA ARS-E 4= QL=
EA EEE 7] ZAE 1-stage] U 52 ?l YOLOV2

< AHgERTh YO L0v24 =49 ojojoh n)-&3E WA s}
, olm|A| o] E Ao w2 A e ek
a1 glejof stk 53] et e 2dkou
T3 W Wl oM et A ks
F5slof R go|thg T3l 53 ghol A #he=
Annotation 7ol 3£7]=| o] glofof &k}, KITTI 3D OBJECT
DATA®] 7%- o]#f3t 218 w&3l7] wiiZol KITTI 3D
OBJECT DATAE 483131tk
ANA o7 7|E el EAAE RdllA &4 gloloj¢}

H-8-35 WA ste] ShEgho mm =4 A& oyt A2
F=o] 7hsah BeE wedl 7S R & As gl
shGleh 1 ek op el 7] RElo] 9] FPSE | A3t
AI7IA SFEths 1S 8R1 8 4= Qlth o] st AylE B3l 7]
ZEded 724 A5 o) o]2] 3 S A8l &

A HEE ohd A F=o| 7Fe e Zlot) Tk B A
S BR157] 913l shsy o B & WA 8 A ¥} v [Fig. 1172 2
o] alte] E4ol| o2 BBOX7} %7] Ho] ¢l.om zF BBOXCl
o2 Az to] 17150 e RS g1 3 = ATk

o] 3t F7])= EA19 occlusion FES YERE 4= 9o
S5 Al BY Gl e BAE th2 AR o s5s)
7] Wizel] BEo) 45 .55 Rdlo] g3}
=2 o] 114} occlusion % S-S Annotation 3F ol E3FaF<
22 HlolEl & gHate] shEsarz) gt 3k YOLOW2
old, SSD, Faster R-CNN 2] t}2 2 dlof Iz & 15501]7\1 7<1
cd-g]_‘:‘: H]_Q_B']-/\ m zs]——;; o]"ﬂ% 3] 3]_011 = Eﬂtﬂ H2 7{ p/]
B A2

4ol 43510 440 4531

Iy

O

L

CEES EE S IN:

A HlE st s,

Ab AL

o

| e HER A oR FENENE7|EE9)
Bop = ATARY YHEMEHE| S F A
A HoJ gk 3pAH Z : 17TBIP-C126306-01).

AAE N

References

[1] P.S. Heo, “A Study on the automotive ADAS market diffusion
factors,” Symposium of the Korean Institute of communications
and Information Sciences, pp. 942-945, 2009.



362 =353 =8 4147 A4Z (2019, 12)

(2]

[7

—

(%]

(10]

(1]

I. M. Elzayat, M. A. Saad, M. M. Mostafa, R. M. Hassan, H. A.
E. Munim, M. Ghoneima, M. S. Darweesh, and H. Mostafa,
“Real-Time Car Detection-Based Depth Estimation Using Mono
Camera,” 2018 30th International Conference on Microelectronics
(ICM), Sousse, Tunisia, 2018, DOI: 10.1109/ICM.2018.8704024.

Y. Cao, Z. Wu, and C. Shen, “Estimating depth from monocular
images as classification using deep fully convolutional residual
networks,” IEEE Transactions on Circuits and Systems for
Video Technology, vol. 28, no. 11, pp 3174-3182, 2018.

A. Geiger, P. Lenz, and R. Urtasun, “Are we ready for autonomous
driving? the KITTI vision benchmark suite,” 2012 IEEE
Conference on Computer Vision and Pattern Recognition,
Providence, RI, USA, pp. 3354-3361, 2012.

A. Krizhevsky, 1. Sutskever, and G. E. Hinton, “ImageNet
Classification with Deep Convolutional,” Advances in Neural
Information Processing Systems 25 (NIPS 2012), pp. 1097-1105,
2012.

K. Simonyan and A. Zisserman. “Very deep convolutional
networks for large-scale image recognition,” arXiv. 1409.1556
[cs.CV], 2015.

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S. Reed, D.
Anguelov, D. Erhan, V. Vanhoucke, and A. Rabinovich,
“Going deeper with convolutions,” 2015 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Boston,
MA, USA, 2015, DOI: 10.1109/CVPR.2015.7298594.

K. He, X. Zhang, S. Ren, and J. Sun. “Deep residual learning
for image recognition,” 2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA,
2016, DOI: 10.1109/CVPR.2016.90.

W. Liu, D. Anguelov, D. Erhan, C. Szegedy, S. Reed, C.-Y. Fu,
and A. C. Berg, “SSD: Single shot multibox detector,”
Computer Vision - ECCV 2016, pp. 21-37, 2016.

S. Ren, K. He, R. Girshick, and J. Sun, “Faster r-cnn: Towards
real-time object detection with region proposal networks,”
Advances in Neural Information Processing Systems 28 (NIPS
2015), pp. 91-99, 2015.

J. Redmon and A. Farhadi. “Y0lo9000: Better, faster, stronger,”
2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Honolulu, HI, USA, pp. 6517-6525, 2017.

[12] L.-C. Chen, G. Papandreou, F. Schroff, and H. Adam, “Rethinking

atrous convolution for semantic image segmentation,” arXiv:
1706.05587 [cs.CV], 2017.

[13] H. Zhao, J. Shi, X. Qi, X. Wang, and J. Jia, “Pyramid scene

parsing network,” 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), Honolulu, HI, USA, 2017,
DOI: 10.1109/CVPR.2017.660.

[14] A. Toshev and C. Szegedy. “Deeppose: Human pose

estimation via deep neural networks,” 2014 IEEE Conference
on Computer Vision and Pattern Recognition, Columbus, OH,
USA, pp 1653-1660, 2014.

[15] J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You only look

once: unified, real-time object detection,” 2016 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), Las
Vegas, NV, USA, 2016, DOI: 10.1109/CVPR.2016.91.

A2
2015 st 7 A R-F SN FSIAD
2017 SeSshal v]RRlEAE S S
2015~8A] FARFATE A7

rek

FE v, AT AleA), 2REA

HE AF 5
-1 O -
2000 F=elt) AFE S SHE A
Ll > 2002 gl ZFEFSTHEEAAD

2017 g=elr) e sl EstAD

“ f”. 200287 ARF AT A7

Hikeok AFENIY, Yulti= A28, AEFYAsAL, e Al



