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Automatic detection of trigeminal neural region based on deep learning

and TensorRT acceleration

ZHANG Qianyu®, JIA Wei’, PENG Bo "
(1.School of Computer Science, Southwest Petroleum University, Chengdu Sichuan 610500, China; 2.Department of Radiology, Wenjiang
District People's Hospital, Chengdu Sichuan 610000, China)

Abstract: Manual screening of trigeminal nerves requires high professional quality and is time
consuming for clinicians. Using deep learning to automatically detect trigeminal nerve regions in cranial
Magnetic Resonance Imaging (MRI) can provide a reliable input image for subsequent trigeminal nerve
segmentation. YOLO(You Only Look Once) network is utilized to automatically detect the trigeminal nerve
region of the cranial magnetic resonance image to improve the inference speed, and to systematically
evaluate the inference performance of the NVIDIA TensorRT framework under different computing
platforms. The experimental results show that the YOLO target detection network can accurately detect the
area where the trigeminal nerve is located. Simultaneously, under the NVIDIA TensorRT framework, when
the input brain MRI resolution is (204 x 204), the YOLOv2 network detects the optimized trigeminal nerve
through the CPU platform, embedded GPU platform, desktop GPU plaiform and professional GPU
computing card platform, the frame rates per second can reach 0.1 FPS, 23.4 FPS, and 793.7 FPS . This
provides important reference for the subsequent development of portable trigeminal neural segmentation
equipment.

Keywords: craniocerebral Magnetic Resonance Imaging(MRI); object detection network; trigeminal

nerve; TensorRT; accelerate

XoF PG i 24k (MR) G i = UM e XSk i [ sh il , 8 S 2 38 IO EMR 0 A AiE , AR5 AR 6 B bRk I8k, 7
X2 DX SR A T A A 67 1 sl R A B o = UM R R IR A A R, i T OB R AR T S B A /NI = X
Wi BHA: 2020-04-01; f&EIHHA: 2020-05-13
ESTIR: M)A T AT ST H (2018RZ0093); U4 AFLIT #2710l [ A S RHEE S i 5
*E(EEE . ¥ 1§ email:bopeng@swpu.edu.cn




1066 KMZMESEFEEFR 519 %

PeAb A . M E ML HE R A%, MG REE AR U, A0S BEAR G Hh oy B = SO 2 AR RN R [, 2 i 0 P
Wili, IFE—RINE IR AE . B ARSI % = X 2 b 474350, nl O BE AR AR I R IZ e, 4338 2 B
X A 2 BT A A [ B AR L T Rk B 2 A i A5 G A = U 2 U A O vk R 1 Sl o N T — 41 i MR
THRA = UM 0 PG 2 T RHZ AL B HETARE , N MR B & A U A T XU MR &4 bR 22
T B S0 I 0 7 19 35 W 65 S B % BI5GB I U A RGBS 0 EUR MOk 28 56 A R2 i o DRI, SR v = S e 22
SRR [ SRS I S = Ul 8 K BT It A A 0 T 4 S B D R L T AT SR B R 2 2 E I b A 0 R A
TR R, G0 L T X I Y 3 AR AT 45 U 1 (Regions with CNIN features, RCNIN) TRz Ho ik ik 1 Fast-RCNNE!,
Faster-RCNN™ | B &5 & & #1 %8 (Single Shot Multibox Detector, SSD)®, % T [al )5 % H A%k I YOLO® 814 | x
S BL TR B 2 0 1 AR R I AR T AR T A e 1 I A A 0 B 1 2 R IR AT P 2 AT A RN A DT I 1 O SR U R
EAARIKHG IR T, LA AR A I 2 A bR A 5 B R T 1) Y B R R A5 . Liu 2 NP
FH AR X 2631 5 ML 2 5% 5% (Computer Tomography, CT)EIM& R = 4451, R T 3D Faster RCNN SZ 8 T X fiti 4%
TR, Wang %5 AU i Mask RCNN M E SR W7 CT J2U0 b O B 45 19 07 B, SC Btk I 485 10 1 i
M. Almasni 2 ATUFFH YOLO 928 T 7L AR b oA 00 77 %

SEPL O IR A SRS BEOCTE LU R e 1) ne] v RS H Al B AR AU T, X = SO X
Sl TR A b R 7 5 2) WAT AR DR UE = SO 6 RS R A 1, X YOLO 2% HEAT ] £k, S B B B B 1 n
WL, OWE RS R ESR . gk BRI, A SR YOLO R 4% SRR o IR SR 28 R il A R A AR IX B A B E
PERGI, 755 B By BOR ) TensorRT HEZLET X 2kt A9 YOLO W 4% BEAT AL 1 R Ge bk A9 IFA . AR SCRY T RS
T3 T U 2 2 iR B — A P A MR R B = O 4 X 1 s AR, Ok S A 4 RS o o 8 T S
(1 A S, TR B A A T & 0 5 202 W i A 4R I 5 2% BT T B i

1 A&
1.1 EF YOLO M &M = X &4 M E fir

PAASCHY S 1, P 1 SRRSO YOLO W 2% 9 ZEAS A B . 4] 1(a) 2 YOL.O R 141 15k % o 58—
RN M 22 2% i A, Jd 2 ]

1(b)Kr B 7 1 S x S A%, Xt 4f | |
/I\M)%ﬁ?’?*(ﬁ{m, ‘E/I\WJ*%?@'EH B class=2 ||

/l‘\’fiiffﬂi, Hrptu s 2 %Béa\%;%‘: ; i'.: ) F‘:‘

8 AR B Oy, w,h) RAR B  EAS E EELY e

Kl 1(c) it Y gk &%, 15 5] &4 N (Xfy)| | class=

}Jﬁ {D]IJ M 1:% DF‘ E/:] 2 /I\éé %IJ *E},K& 2 /I\ (a) input image (b) S x S grid on detection (c) final detection (d) output image
T HE A6 bR 25 A PR = b 22 T A X Fig.1 Schematic of YOLO network detection

MAARIE, E1(d)42 B R i AT I 1 YOLO Rl st el

M2 5L
YOLO M2 FH 34 7 Fliz 224 Sy oAb R, IF i Ak bRk 2% . 289 Lk (Intersection—over—-Union, loU)iz 2= Fil
Iy AR 2E A AL . Bkt (1):

sxs 2 o . Sxs 2 2 2] sxs 2 2
LosszﬂcoordzzTi?jm(Xi _Xi) +(Yi _yi) +/7'coordzzTi?}){(\/Wi_\/Wi) +(\/h7|_\/h7|) }‘ Ti,ojbj(ci _Ci) +
i=0 j=0 i=0 j=0 i=0 j=0
1)
sxs 2 . xS A
ﬂ'noobjzz-ri?}]](ci _Ci) +z-|—lojbj z [pi ©C)-p (C)]2
i=0 j=0 i=0 Ceclasses

e BIATETII gy =5 KABIEALARIR 2 s T N 000 A% b2 & A Hos, ORI 137, W R h IiRicHE
MIFEFIR s C NAFTE HARXT QLAY MEA s p NS BIMEA s ARSI 4,00, =0.5 KB IE loU R 2.
TE DN G HE SR B, A A 119 2% 10 28 Sl R o 25 S50 IO A b i B A E AR I HE BLAY B AR AR, X (2).
Pr(Class; | Object) x Pr(object) x 10U e = Pr (class;) x IOU Jia¢ )
Xrh: Pri2dE 2 A& HArnMER,; 10U A3 5 H AR5 B0 bR 2 HE i s 5L T
i gt X (2) 45 2 4 A RS P BRSO ME R A 8, DA S H BR A S 75 A 0 A A ARE SRR X AR AR A L
R Ao A A ) ke 75 2 ) R Y E R, B SR AR ORI A 2 S0 A H AR AL B R TR R



55 6 341 KEFE: ETFEEFIPN=XHAXIE B3N K TensorRT fNiE 1067

1.2 TensorRT fi0i&E YOLO B #r#& i i 2%

NVIDIA TensorRT J& —Ff & M GE A 28 [ 28 HE 5| 25 . 3l LAk TensorRT AT LAGRAFHE /N o PR . TS 209 it
B, A S A T D 2 I SR DL R T D N A A AT IR B . AR SCHE Caffe AE 42 HF 4785 R HE BRIk, i 1)
NvCaffeParser 5 AKLH | S A WS4 A R 2% 25 k) YOLOV1,v2,v3 [ prototxt 3L & caffemodel S, E 47 #E 38 5 72
HARBAE R R WA 2.
darknet YOLO network

_|_

darknet YOLO network

train C->C++ TensorRT

darknet cfg, weight |—>| Caffe prototxt,caffemodel deployment

optimize

Fig.2 Optimization flow chart
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Fig.3 Flow chart of trigeminal nerve detection model
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Tablel Time comparison of reasoning under YOLOv3 network at different resolutions(unit: ms)

resolution/pixel precision CPU GeForceGTX GPU GeForceGTX TensorRT Jetson TX2 Jetson TX2
type GPU TensorRT
yp! TITAN X Quadro P6000  Tesla K10 TITANX Quadro P6000  Tesla K10
384 x 512 Float32 20 685 21.00 19.50 150.12 6.677 6.129 41.83 435.25 85.21
467 x 467 Float32 20787 20.00 20.00 149.67 6.534 6.012 42.56 434.08 87.50
204 x 204 Float32 20 609 18.83 19.21 149.90 5.898 [5.353] 39.65 432.87 86.44

F 2 ARSI PERATE YOLOV2 W45 HEHH Y A [E] X LE (B3 . ms)
Table2 Time comparison of reasoning under YOLOV2 network at different resolutions(unit:ms)

resolution/pixel precision CPU GeForceCTX GPU Pp— TensorRT Jetson TX2 Jetson TX2
type elorce erorce! GPU TensorRT
yp TITAN X Quadro P6000  Tesla K10 TITANX Quadro P6000  Tesla K10
384 x 512 Float32 9982 8.98 8.92 64.87 1.854 1.641 23.82 217.25 45.25
467 x 467 Float32 9930 8.90 8.84 63.59 1.649 1.280 23.01 214.50 44.89
204 x 204 Float32 9 960 8.91 8.89 62.80 1.543 [1.260] 22.17 213.80 42.72
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Table3 Time comparison of reasoning under YOLOv1-tiny network at different resolutions(unit:ms)

resolution/pixel pricision U cerorsecTx GPU SeForeeGTx TensorRT Jetsgn TX2 Jetson TX2
ype TITAN X QuadroPB000  TeslaK10 ool " QuadroP6000  Tesla K10 PU TensorRT
384 x 512 Float32 12 830 130 130 229.56 4.183 3.92 37.69 498.05 25.39
467 x 467 Float32 12 780 127 125 223.04 4.256 412 37.12 497.41 24.32
204 x 204 Float32 12 740 128 125 200.83 3.965 [3.87] 36.85 490.12 23.23
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