5550 B 10 M T % IR Vol.50 No.10
2021 4E 10 H ACTA PHOTONICA SINICA October 2021

5] H#% 0. ZHANG Saigiang, SI Shaofeng, LU Bin, et al. A Person Detection Algorithm in Fisheye Images Based on Rotated
Boxes[J]. Acta Photonica Sinica, 2021, 50(10):1010003
TRPESR , VLR B, A — B T E Y £ R PR AT AR B [T ] 0 T AE 4, 2021, 50(10) : 1010003

— i L T e e AE 1 A0 HR AR AT A DN R

g&%‘;&1'2,é]é’)‘g‘l'élj,—%l‘iﬁlj,?}j‘t\z,]{iﬁj{:\}" ,7’&(4'5(‘ . 3
(1 v E B 2= B i i 58 0r L JE 3T 100029)
(2 WP E B2 B K7, JE st 100049)
(330 717 4 ol 8 45 A6 I BIF 2 e, 9 9T 383 313000)

 EHTERBARALENUATH L, FHRIAAGET &R ERGT AN F X FE AL HFAK
ABGRBFLREGAFRA, At LR P 28T —F A RAEG AT AL Sk, &
e, Bk R R AEAE P & 45 A AR R P s 2B TR i AR 6 P s b B AL FE R i 2 R AR BT R E ik 4T 3E
B AR I ) B %, T R AAEZ A S S A9 3I N ok R AR A B A RE A B0 H MK
AT e ZATAM P S oA, KM@ER Y T HFHLN TR, FELFHT EARR R RDHITAL
DARAE S A EAZ P 8 £ F RGO A LRI K, B B4 A O LA RO Bk AR A S8y Ln e K
ik, Il :V%HT HAEABEENRE X FRBEARE RGP, EATFHESE LTk ir
T Bk, R AN, Hok )T mAP A4 51.33% , AT T B BT A eg deaml 25 R Al i & ik 3 49 fps,
5 b #Eéﬁ#ﬁvﬂ'ﬁ%#ﬁlkb,i%%T 139% , 2 ek THA A T &R B 947 AR m ik

@ IR B ATARN  RAAE R EH N AR RS

FESES:TP3914 SCERFRIAED : A doi:10.3788/gzxb20215010.1010003
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Abstract: Due to the geometric distortion of fisheye images, the existing person detection algorithms based
on fisheye images have the problems of low detection accuracy and high computational complexity in post—
processing. A rotation—aware person detection algorithm was proposed to solve the problems. First, the
algorithm adopted an anchor—free network structure and used heatmap to predict the center point of the
bounding box, there was no need to apply non—maximum suppression on the bounding boxes during post—
processing which avoids the calculation of intersection over union (IoU) between rotated bounding boxes.
Then, a Gaussian kernel function with angle and scale adaptation was adopted to fit the center distribution
of person with distortions, which greatly reduced the interference of background features, and balanced the
difference of person with different sizes under fisheye images during the bounding boxes regression.
Finally, the Angle-ToU (AloU) was designed to combine both IoU loss and Ln-norm loss, indicator
function was used to deal with inconsistent regression between IoU loss and Ln—norm of angle regular
term. The proposed algorithm was verified on public datasets, experimental results show that the algorithm
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has achieved the state-of-art performance with an average mAP of 51.33%, detection frame rate reaches
49 fps, which is 139% higher than the detection algorithm with anchor-based network structure, the
comprehensive performance of the algorithm is better than other existing person detection algorithms in
overhead fisheye images.

Key words: Fisheye images; Person detection; Anchor—free; Rotated Gaussian kernel; AloU

OCIS Codes: 100.2000; 120.1880; 110.2970; 330.7326

0 58§

B A N T8 RE R & J AT AR E 28 B ok 80 RE A0 W 4% S sl i — A S RS R A AR T R A
ARAIL , f IR AR AL 38 5 B 22 2B AE N F 3 5 TR, 1118 B 38 R i W37 2 (8], [m] s 00 400 3% 55 8 A7 A TR) AR BB 44 1)
5 D0 AR IR Ul AD PR M 7 A A 4 DL SR e K R g T T

i HR PSR A5 S8 (AT R 0 B0 3% 30 % 35k 1 15 5% 25y v 4 ORIl ek SRR AT AL T
W25 R b w8 B 2 AR T N B A, o 1 s Ak I A7 N, SCER[4 151 A S8R & AL (Support Vector
Machine, SVM) 43 25 28 %1 67 5t B AR $EAT U0 A 1 3R 2 A 18 32 BB A% BRAR AR (9 2 mi -, 45 31 300 FUAE 19 T
A, A Z AL RE B 2% . BEE B AR R I R 1Y A R, I BT R A ) H AR TN AL, 1 YOLO(You
Only Look Once)'” | SSD (Single Shot Detector) " | Faster R-CNN (Faster Region Convolutional Neural
Network) A K CornerNet " 4§ , AN 3 330 46 55 3 51 X6 1) K 2202 B A AT A % IR R 1 g AR 17 A
ISR AN BRAR, SCHR [ 10 198 H 78 f IR R T B3 YOLOvV2 #4747 AR i 25 & R 3 0 A5 N e & T
KRR, Sy 7 A b B A e AR RS AT A, SR [ 1 1K — ok f R KRR AT e % U0 %1, 45 31 36 5k 7 &1, 1E 1 &
L AfH Faster R-CNN #4745, IF45 - [&1 _L f% 46 00 30 55 AE B 3 i 5 28] Dt 4 00 AR (45 I Tl SR [ 1L )4
YOLOv3TE 24 5K EgEA7 R0, SCHR [ 12 ] 00 2 ik 1 — gk # R R A s 1 32 I TR o 3 2 575 1R 181 20 5
KA YOLO #EATA7T ARG, A48 3R 5 vk B 6% JOS A 4 0 A6r I 28R, mT 2 ol FH R 6 T A7 Al DA Kot
T AR A b B S ORI 28R A

SR TR R 0 2850 A A I A ) R, A I A T A R D R 0 TR PR R AT A 3L W) B AR i FORE g A A
ZRGHEAT IR FERERTIN o SCHRL 13 b 52 H 08 Y11 2 PRG54 i@ 2 1 o, (0 A5 Y 5L AT e 2 S 28 1 AN ok 300 A 1
£ 5 T AE R 1 A v S B AR L HET 48 2 5 RAPID(Rotation-Aware People Detection) ™ /b i ] 7
B TR ) 26 AT A BEAEL % 81U, BB 6% 7 f0 MR PRIR b BRS04 PR B 96 I, A A Tl 0 5 30 SRAE L i 7 s AT A
E LR 22 5K B U A S AL BB TSR AR (HR T A HE (9 5 VA AR 8 AR A OR B 0 i (Non-Maximum
Suppression, NMS) i 1% 1 FAE I, 51 A T & T JiE 5% 4E 19 32 9 L (Intersection over Union, ToU) By 115, 1 fin
RN ) B ), JC VA R T R S MR R oK o e Ah , SCERE 15 TR i BURE S 00 B R T ToU YT
Y48 B8 Z 18] I ANAFAE B9 B9 A DG L T RAPID P AR SE 120 FHE 2 804 2k AT [0l 9 A7 76 45 PR B R 21, PRt
ARG DU R AR TH A7 7 T 25 1]

B X H T A AR EART AT ORI 58 R A AR Y 1) R, AR SOt 1SR P TG HE £ AL 1Y 8 B A AT N R I
(Anchor-Free Rotation—aware Person Detector, AFRPD) , JC i #E 25 #4) i G T TR S AE S| ARS8 S 50 1T,
/N TR A R B R L SIAE 0 A B AR R T I i A ek R D A B AR e e 1 e A pR B, B N
AL G T B TUAAT AR B9 AT N0 43 A s A8 fa IR R 030 S A0 &, B AT AN USR0S | 3 il a2 SHAE () [l 05 o o
B2, 7RI EMR D N B BRI AR ), st B R B 38 0 1Y e 357 4% eR 8 R TR B A2 JF [ (Distance
Intersection over Union, DIoU)" " f{) % 48 1 T 8 J 52 If I (Angle Intersection over Union, AloU )4t 2 H
Tl FHE R [  [R] B HT ToU 458 2% DL KiE 5% HE 2 8009 Ln JE 30t 2%, BB 42 A3 FAAE By A 2O . e A
SCHT AR AT N R 0 A 3k A T v BRI A8 2D e R Ak A TN AE AR T NS, DA 7 A T A
I R e AR T TR AL HE () ToU B9 THE R SERTPE B T RCRIRE T

1 ETREENTARNEE

S B L P PP X B8 0 Y S I R AT B e A SR DR MG, AR SC R A U A £ HR P AT AR T A
ARG I B 7k E NS 3R AF 1 75 BEEAT K&k 0 6 T @ A% HE 19 ToU 5T, S BURE BRBOR AN iR . W i NMS

1010003-2



TR, 45« — L TR AE 1Y £ IR R AT A I 53 vk

0 & BERIAE 2R 3 F TTFNet( Training—Time-Friendly Network) "™, W& 1 7 , 40, 2 98 47 45 AF 412 B
AOB T W4, JEFT R AR Bl & 1Y 4 T R 2% (Feature Pyramid Network , FPN) A K T A0 o540 & AL A 2
BRI 9 25 BT I 26 SR P Bk 25 45 4 5 HE S ET S A% 1 A i R () N i 4D 2 R B RRAE L, X
TORAED K s 4 s TERRAE B 7 5 I 4 v R F IO R DA RO [l % 4 1 Oy 2 A A AR IR BT RE S A A
JERHIE B3 SAE R LA BARJZ FRAE 5 23 B A5 B o AR T TTFNet 835 U s BR300k 5% 1 FHE 1 0] 15, A%
SR e % 1 FURE A R AT TR B T iE T AR AL 52 R B9 AFRPD 853 | Hoduts 25 47 B 900 SR JRURN
CenterNet “HH ] (9 75 2, I FH A A 32 T8 5 110 i BT A% R B AT N0 A5 1 AL 81 DO 44 2 oo 500 8 8 1
PRI i 3 2D SR AT AR R R SR AR KA 7, DI A o 300 A 5 Y A T 300 A [ T B v B A% pR B
B AR Z A B0 N B REAE S0 VR 2 SR Y [TV AREAS S8 o A B2 AR B 5 AT /D T3 SRR A iy T4 fa R 50
ANTFIE AT N RT3 A pR SO B3 L 1 43 A1 28 S 30K, S B MR A B i B A7 A 5 AN A48 1 TR, e i
(B, et EAA RUEE [ 3 N Y e SO A% eRS; A B2 1 AToU 4 2k FH 14 - F0 ) 30 SFEHE 1) [l H REOR

Heatmap prediction
1024x32x32, 5,=32 1024x32x32 s 1x256%256 Ground truth
<) center position
512x64x64, 5.=16 + 256x64x64 ]-Al V) — Focal __ .
’ 2 loss
256x128x128, 5,=8 # 128x128x128
128x256%256, s, =4 + 64x256%256 = "
s B _JAlU (_0
@2 Upsample loss
8 Ground truth
3x1024x1024 @ um ? 5X256X2'56' boxes parameters
Boxes prediction
Backbone FPN Detection head

Bl &REGTHLHEETARNMERA

Fig.1 Anchor-free person detection network under fisheye images
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Fig.2 Different strategies used as bounding box regression samples
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Fig.3 Projection method for calculating rotated Gaussian kernel
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Fig.7 Relationship between IoU and angle difference under different aspect ratios
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ResNet, JE il 2% 5 2 4 0.002, Zh 4 0.9, AUE 6 N 0.000 4, 7645 18 Fl 224~ epoch 2 3 #4351l £ 08 10 1% .
FEHIT 500 A F SR BT AR W, VI 2k B BER T REML LR BHEE | BEBLGE B A AR G O 50 SEER SR H AR K
Hh R T S 2 2 R BE (mean Average Precision, mAP) (3% (Frames Per Second, FPS) UL} F1 4Kt 17
A
2.2 XPEE RIS

R T B AEAS ST AT e v T A% e A ToU L B [ 38 N e 0T A% pRERC , 35 RO (] 1) ToU 4 2% pR BSR4 7 X6)
bS5 B ALK ResNetl8 AR+ M 45 , {5 i 6 H K/ Ry 512 X 512,
2.2.1 B H R ET I E R

£ MW-R . HABBOF DL} CEPDOF ##li4E b, A SCR B sE LEE 9 7 5K, 4k ImageNet b (4 Fil il 254
B, K IR I 24 4 epoch, BT PIoU ZE I 2540 111, s SUAE 451 Je AR ME T B, Jir DA CLoU A 461 2% bR A .
39 SR FE il OGT 55 R T A% R B LA R e v BT A pROBICHE AT SE G S5 SR N 1 IR o NS LI IE I S B 45 R ok
F Al e = W i R 8 HABBOF L & CEPDOF - RE W% BUAS B 4 Al 45 21, 1 78 MW -R B9 48 b MERE
6T S v A BRBSORE X o DRI, 7 Tl AR AR T S A G I A AR SRR T T SR R U (AR G T

F1 BEZEBTERE

Table 1 Comparative experiment of Gaussian kernel function

o MW-R/ % HABBOF/% CEPDOF/%
Gaussian kernel
mAP AP, mAP AP, mAP AP,
Axis—aligned Gaussian kernel 31.9 23.3 40.5 35.2 17.1 6.4
Rotated Gaussian kernel 31.7 244 42.7 37.2 18.3 8.9

2.2.2 AloU * 1t % 3

PB4 WA ST T A AoU #0455 8L (9 oAb ToU M43 2% pRERIEAT X b, B 878 COCO %dl 4 L 1
Y4 124 epoch, £ 5 16 R A 45 45 LI %k 129> epoch, 58 BN 45 404 2 Ff 7R o X H PToU, EloU KA Kz AloU,
AT B K 0 34 S AE 22 B0 Sk I D)3 RE 6% Sk ] 09 Gk R BRI EE 24 S, NI B A R T BAE g [ . X H
CloU F1 EloU, if LA & BLHH # ¥ 5] A T K 58 HuAs B, 1 CloU A4 [ U= 45 J A7 b T PloU %22 | 3% f2& IR b 7 L5
HE B o B 52 wf << AL, TR T B B2 B == A B, CloU HP Y 58 L 1 D301 2 4 45K 55 19 e 80
16 T o 0 2 L 98 A B /1N < 2 AT LB/ 5 L A7 7 36 TR) PToU 452k i SIOR — B0 T R, WA T 5 35 [ 1 285
2%, [FFE GloU e/ Mu 1 FURE Bl X 55 S 3E4E T AAR(BY, BS) 51 FUHE 48 (B UBS) (4 LU AR, W JH 31 i
SEREWIA N, tF A B S8 51 A TEIE 45 A 16 810 D5 1) . 17 EToU v i B2 6 K S8 (5 2E 47 105, B 6 25
[ U5 75 1), DT A5 1) 40 4 1 45 1 o 3800 AR A5 B A5 B AToU 78 b #28 h B T e AR R BLAS S 4 |
EloU W45 5, AToU 51 AT £ J3 (B A9 1E 35T, {45 vy o5 RTK B8 T30 462 oA o 1) 320 57 A B % JE 7% 1) i L 52
HE 25 3R J7 1] I, AT AE mAP FLAP,, UG5t

FE32 3 X AloU BEAT T S R i 52 56 . 6 /N1 g, £ B2 1E W35 5 PIoU 7E L8O 0] E 1Y
AN —BUF B RR R 22 s B BN, W SOR — B0 15 102 17 15 2 5 | R) s B T DU T A 301 5 AE [
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R T 2 915 5 B B A PR RE R B S AT R Th 5 (H2Y Bt — 2B M ORI 35 75 eRB 5 1B 16 B0 KR ek
A, R 0 FHE (4 A B IR I XL AH SRR O, TR AE M i R vh 45 5 M AR B, S BUSERLPE BB A BT
‘FIK%O

&2 loUfkXftb s

Table 2 Comparative experiment of IoU loss

MW-R/ % HABBOF/ % CEPDOF/ %
Loss type
mAP AP, mAP AP, mAP AP,
PIoU 43.6 33.9 49.2 47.9 27.8 14.8
GloU 27.3 13.2 15.2 6.0 9.3 1.7
CloU 42.3 31.7 49.5 46.8 26.2 14.8
EloU 45.4 37.2 49.3 48.1 29.2 16.1
AloU 46.4 40.3 50.0 49.4 29.6 17.0
x3 BSYNATE
Table 3 Ablation experiment of hyperparameter
MW-R/%

g mAP AP, AP,

1.0 45.4 90.1 37.9

1.3 45.2 90.3 36.3

1.6 45.5 90.2 38.5

1.9 46.4 90.9 40.3

2.2 46.4 90.4 39.6

2.5 45.8 90.6 37.3

2.2.3 BEN G DH I TR
FE 34N T fa MR AR B0 4 b 0 A SCHRE HE 0% 1 3 I s 0 A% pR BCE AT 0 IE . B B COCO Bl 4 b i
YR 124> epoch, #2485 51 A F i N 15 97 4% pRBICHE 0 IR EHE AR B I 2R 124 epoch, S50 45 5L 43 51l {f FH PIoU _A |
CloU_A EloU_A LI J AToU _A i, Hr mAP /N B AR ARz I 45 5, A3 4 i a] LU Y [ 38 1 s 307 4% oRi
B0 51 AR T AR TR ARG P e R B — SR R E BR AR R TN H AR 9 [ A RO
4 BENBHEEHL LR

Table 4 Comparative experiment of Gaussian kernel function

Loss type MW-R/% HABBOF/% CEPDOF/%
mAP AP, mAP, mAP AP, mAP, mAP AP, mAP,
PloU 43.6 33.9 34.3 49.2 47.9 54.7 27.8 14.8 18.3
PloU_A 44.3 35.3 34.9 49.7 48.3 57.2 28.1 15.5 19.6
CloU 42.3 31.7 33.0 49.5 46.8 53.4 26.2 14.8 15.9
CIoU_A 42.9 32.2 33.4 49.6 47.8 53.8 29.0 15.7 19.8
EloU 45.4 37.2 33.4 49.3 48.1 53.7 29.2 16.1 19.0
ElIoU_A 46.2 38.4 34.7 49.8 50.3 55.3 30.1 18.4 19.1
AloU 46.4 40.3 36.7 50.0 49.4 55.8 29.6 17.0 19.7
AToU_A 47.2 40.6 35.9 49.6 50.0 54.1 30.1 18.0 19.6

23 MBBEEYIRMITLE

TEA SO B RAPID B35 H T X L 5256 5 JH B 5 i 4k i 52 80 2 B0 DA S A, 7 AR b gk A7 41 3, 45 31
RAPID J5 %5 0 B 5280 25 5 o O 1 30 WEAS SCRE RS AE Y Zhlle S50 B 1 i o 3, i B 5 AR . B 2878 COCO
BB Il %k 24 1 epoch, 35 545 i F (0 IR KR 25 24 1> epoch, 75 81| T 35 5 RAPID _ 2x X i Y 52 40 45 L, BE
T RAPID 5 3% i 52 56 b B 1 I 4% 1 % JH] Darknet53; 76 AFRPD 52 5 b, B 1 W 4% % JH] Resnet34 DL K
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Darknet53, X} B [ £& 43 5l ic /E AFRPD-34/53., & e COCO L Tl 2k 24 4~ epoch, EIG K/ K 608 45
TE AR /N £ R S LI 25 24 4> epoch, A3 B e A 45 R . 78T AP S8t , ToU B{E 0 0.01; 115 F 24
i, ToU B8 A 0.3, FPS %5 T CEPDOF £¥84 L) & NVIDIA RTX 2080 Ti.

*5 EREMEERVERHLE

Table 5 Comparison of the state-of-the—art algorithm and proposed algorithm

_ MW-R/% HABBOF/% CEPDOF/%
Method Size  FPS
mAP AP, AP, F mAP AP, AP, F mAP AP, AP, F
RAPID 608 20.5 534 968 509 941 56.7 967 62.6 958 382 831 276 79.3
RAPID 1024 136 533 96.7 488 935 57.3 97.8 59.1 96.9 394 864 267 83.6

RAPID _2x 608 174 425 932 263 89.3 437 90.7 31.2 885 293 783 11.6 78.0
AFRPD—34 608 785 53.3 959 53.0 93.8 541 959 56.7 932 36.6 8.2 237 81.8
AFRPD—34 1024 39.0 55.5 979 559 96.2 594 972 635 944 40.1 8.1 29.2 84.5
AFRPD—53 608 49.0 553 970 574 948 591 976 657 973 396 875 283 855
AFRPD—53 1024 23.0 564 981 604 954 59.0 97.7 663 969 406 874 295 852

M 5 RAPID BRI FT RAPID _ 2x B Y (1) 52 56 285 o] DL & 30, AR R RO SE R, RAPID _ 2x B 78 (14 4f 3
W E 22T RAPID RS . S2PR 1 RAPID 5k i 9 B 5 R 2 ] 6 0 1 i A 6 0 Pl 45 1 s e, 4 22 A T
WA D)L K A rh A 2 1 B bR, 2 5 B0ONMS B B ift A7 58 F 0 5% M2 1) ToU 3 53 1) 46 2 58 22 (g i ) o T AR SC
g A SR AR B AR A B T NMIS, MU g e 1 3R ) R, X b 8 5 v 1 S 0 5 SR AR SR R A ARG D
PERE I AE W% 18 B B0 T SR e YRI5 1%, 7E MW-R .HABBOF L) &% CEPDOF %t#i4E I+, AFRPD-53 %
T mAP #3k 8 et IF BL2E AP, b9 R IUAG B R 52 71, 3 5 2245 85 T e 5% 5 A% sR 3L & AToU 1)
U 5 53030 Rl A% B M0 9 o b AT N L B R 255 T TEORG R R A3 [ R D0 B, AR SR A T
157 EAE MR UL AE  BGR ST Ry 608 Rl 1 024 B, A5 78 #3433 35 B2 T4 43 531l o 139 %6 1 69 06 5[] B 4 1 LA
MU SO B L S 4 T RAPID BRI AFRPD A5 78 75 AN [R] 37 5 10 8 MG 0 235 1 B b o 4
HE &7 T0INAEL , 2T €6 4 6 7% B AE , RGN 285 SR v il LU L A HE T RAPID B8, A SCHE H 1) AFRPD £ Y
FE— 2 FEBE I RE 05 BE S A5 A6, D e A, 6 T I T /N B bt HLAT g A G T

(b) AFRPD

B8 EMANLELE

Fig.8 Comparison of qualitative results
3 &ig

A SCH T il HE 45 44 15 P B e e HE AT AR I T, A rh O A S T SR R R R T T R AE Y
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ToU TR BT AR B AR SC I AT T B $2 T 5 308 5o 0 MR 4R A 51 AT AT A TR e 2 1) e 30 A% o 5, i
0 A FF S5 R AR B9 T 4IE , 6 DA 18 30 IR A0 A A [ VA R AR 5 e B RUBE P 3 A R 0T A R RO N
[ (o7 B F bR A AR A RO By 28 5 42 T/ BAR BRI ACR . 5 Be Rl AR SCIRSE T 45 i ToU 45 2% 1 JH 2
BT R HE B9 AT AR DN b A PERE R B, R B R AE AR SO H A AToU RERE UG B AF O 45 2R . A SCIR AR
VEAEAR ) AT 55 L 0 A 0 P BE 010 T 24 T fie ST 2 A S 00 B 92 (] I 7 4f PR B2 B AT 1 O T PR i o4
JEE A A5 HLAE 78 Bl i o ik A o b R LA L e

FIAR AR I AT: 55 (9 — A S5 £ 0 2850 70 Joh 45 5 0 FAE R i 5 8, i B AR Jm 2k TARh e 45 & I
25 T e O BT R FUAE 19 B 5 B AR T A IR IRTR A AT AL I 55 b SRR S A R AR T AR
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