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Abstract: In the object detection task, there is no correlation between the regression content of the traditional
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bounding box regression loss function and the evaluation standard IoU (Intersection over Union) , and there
is some irrationality for the regression attribute of the bounding box, which reduces the detection accuracy and
convergence speed. In addition, the sample imbalance also exists in the regression task, and a large number
of low-quality samples affect the loss function convergence. In this paper, a novel loss function, termed as
CRIoU (Complete Relativity Intersection over Union) , is proposed to improve the detection accuracy and
convergence speed. Firstly, this work determines the design idea and determines the improved loU loss
function normal form. Secondly, on the basis of IoU loss, the ratio of the perimeter of the rectangle
formed by the two center points and the minimum closure area formed by the two frames is introduced as
the penalty term for the distance between the center points of the bounding box, and the improved IoU loss
is applied to the non-maximum suppression. Then, the side error of the two frames and the side square of
the minimum bounding box are introduced as the side penalty term, a novel loss function, termed as CRIoU
(Complete Relativity Intersection over Union), is proposed. Finally, on the basis of CRIoU, an adaptive
weighting factor is added to weight the regression loss of high-quality samples, and an AF-CRIoU (Adaptive
focal CRIoU) is defined. The experimental results show that the detection accuracy of the AF-CRIoU
loss function compared with the traditional non IoU series loss is up to 8.52% , the detection accuracy of
the CIoU series loss is up to 2. 69% , and the A-CRIoU NMS (Around CRIoU Non Maximum Suppression )
method compared with the original NMS method is up to 0.14%. In addition, AF-CRIoU loss is applied
to the detection of safety helmet, which also achieves good detection results.
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Fig. 8 Distribution of anchors
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(d) CRIoU loss regression simulation error visualization

FE AR /N T B B bR 0% BT O AE . 7E
A T I 2ok o v AR o [T OH AE 2 i AR B R Y 4
A DT 3 SR 2R 1 Bl 5 e AR R I B, AR
/AT 3T Focal Loss BRECY AL, 51 AR 54
S A BT S A AR X b0 3 A Bl . AR SCE U
KR F 24 ToU , H 24 ToU 0] R0 Sz et 7 [ )3 4T:
S REAR R TR . ToU fH 8N IR W RE A L S HE
1 G R N IE WA R — MR A
I8 5 ToU i A ke o 20 R s I o £ 45 A A R 1 43
JWE B AR m R g A B TR sk
it 1] ToU A Ay P-4 45 A JB 2 (9 I AL P 75 b Ml s
it T Focal Loss H A BT P 538 1o 4 YR 6 L 52 56
) 25 R AT R A PR 1 B v L KT T A A
+ A Y SRR e T i SRR B A Y
WS . &AW A SN 2 XA
X(14):

B™N B¢
B™U B*
o B BUSEHE , B FUAE , EATTH ToU 2 A
I8 AR F o A6 DI it A2 A 75000 ALE Fi B 52

y= , (14)
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HE P14 R 22 &8 43 8% /0N, T00 D0 AE 79 S5k AR, e (L 90 1B
ZIN T B [0 0 458 2R ) ASC R Al 8 /N 3K R R 2 AR
R AW 0T 2 A A G A5E AU I 2 A S ) o 3K A AR
JriEME % T Focal Loss i B AE LA I kb R
o T 5t P 00 AE 3 P A R A AR ol A5 A 7R )1
RETEAZ LW REAEAR,JEE MK ©
Wit 5 A BT 5 AT LA 3 N R T SRR T R Y
S8 . W ILAE CRIoU it 2k 1y JE il 1 L [ il
i % £ CRIoU it 2k #R 21 ( Adaptive Focal CRIoU
Focal Loss, AF-CRIoU) 402 =0 (15) Il 7w -

L ap-criov = pLcriou - (15)

4 ZRER5 5

4.1 ZWEE HFEBEFMIFEMNIER

h T BAIE AF-CRIoU 82 pRER Y S bR 24k
AR SCSE I 3 S FH B B B AR R AE SR Y OLOv3
FUON Y B H ARk M A8 Faster R-CNN, 1 H &5
Il 5 451 2% oK £ ToU R 514 2K i $ S AF-CRIoU
PR PRBGHEAT XS TG o SEE 1 Sy G — B SRR PR, 5
U5 BB RS T 1, SR R A R R 2 i
TN o SIS EPE 4 ] PASCAL VOC 2012, 3¢ 45
SE PR T AL FE 40 2 K IR 4y E) 3 AT 55 1 B HiE
o Hh BHARK AT 55 B0 4 B 3 20 814,
17 1255 E A .

R T BAIE AF-CRIoU #12k pRER 1A R0PE , 525
f# F§ YOLOV3 #il Faster R-CNN 43 %I #£ PASCAL

F1 KETEHIRE

Tab.1 Experimental hardware environment

S0 B A IR 45 B2
AR OBLIER Intel Xeon Gold 5220@2. 2 GHz
WAE A 256 GB
R A NVIDIA GeForce RTX 2080Ti

R2 IEEHMGIFE

Tab.2 Experimental software environment

SR AR A BB WA E
Ik 55 4% & 48 Linux 7. 6. 1810
RIS Python 3.7. 11
WL 7 > HEZR Pytorch 1.7.1
kT H PyCharm 11.0. 11; Matlab
CUDA R4 10. 1. 243

VOC2012 E#EA7 Y 2R At o 38 52 % bE A [] 45
R AE N R B0 S b 0% G RS R A S5 Ok 56
WEAF-CRIoU A 8t o A SOl FP- 3545 B m AP
AP50 1 AP7SVE I 46 5 4 ToU 19 13 {8 % 2
J9{0.5,0.55,-,0. 95}, 1 I B {8 0 BBl 19 45 R
B L2458 mAP. AP50 /& IoU {5 4 0. 5 i}
G I 25 A~ 28 310 1 SF- 247 46 RS JE (AP75 [R] B, I
HW 2% 30192 2% SCHR[20] 19 52 45 1F A
B, X e AF-CRIoU FnH: Al 5 2% oR %5 A A1 X 2
JHHE B (Relative improv. % ,RI) . A X4 B 1155
Tk A K (16) o
AP v crior — AP e

- N '
4.2 PASCAL VOC2012LIH 4R

fifi I PASCAL VOC 2012 84 4 43 51+ &
1E YOLOV 3 Faster RCNN R i FHAS [ 11 45 ok 51
AP50 Fl AP75, I H XF L6 AR XT 48 A5 B . ik 3
MR AT o B PIAS B bR A I 55 1Y IR 1 5
3 5 AE 18] )3 9 458 2% 43 5 B0k ToU .G ToU . CIoU
AF-CRIoU, it b #5281 J5 A7 9 [n] U5 45 2% 2R 42 (Sum
of Square Erro,SSE), 43lli5 T PASCAL VOC
2012 %4 4 1 AP75 R APS0. 1 3 3 T i
A AL, CRIoU X B Jit g 55 A v (14 43 2% 1R % SSE
TE AP75 F1 AP50 4% 1 T K B2 43 il $2& F1 8. 52%
8. 04% ;4 APS0 444 F , AF-CRIoU X}tk GIoU
K ARG I AR X 4R TF 2. 46 %, 7E AP75 & F R B RS
BERIXF 4T 3. 18% 5 7 APS0 4 T , AF-CRIoU
X H CloU A6 K B2 AH XF 42 TH 1. 67 % , 7€ AP75
MR RS BRI TE 2. 31% . R 42 7E Faster
RCNN E iy S50 5cds . i 3k 4 80s vl 0, 76 AP75

RI (16)

#3 FREEET YOLOV3 NS E 3T bk L1020 18
Tab.3 Comparison of YOLOV3 accuracy under different

threshold
Loss function AP75/% AP50/ %
AF-CRIoU 65.45 59.1
SSE 60. 31 54.7
Relative improv. 8.52 8.04
IoU 62.51 56.51
Relative improv. 4.7 4.58
GIoU 63.43 57.68
Relative improv. 3.18 2.46
CloU 63.97 58.13

Relative improv. 2.31 1.67
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Tab.4 Comparison of Faster RCNN accuracy under diffe-
rent threshold

Loss function AP75/% AP50/ %
AF-CRIoU 56.61 52.28
Smooth L1 Loss 53.94 48.43

Relative improv. 4.94 7.9

ToU 54.62 48.78
Relative improv. 3.64 7.18
GIoU 54.93 48.93
Relative improv. 3.06 2.29
CloU 55.21 50.91
Relative improv. 2.53 2.69

HAP50 £ F , AF CRIoU %t bt GIoU 5 B 43 5]
PTF3.06% F12.29%, AF-CRIoU Xt CloU %
FEr R TF 2. 53% F12.69% , k4 T CloU Ay [n]
T BEL A, A 75 3K 38— A A A ISR A [ s
e T ToU Fl GloU W PR . L3045 R R B, AF-
CRIoU 1R & 1 2l 36 1 1% 48 ToU & 51 ok %5 v i (7]
U1 3R Tk T 1 BELAS T LA A 38 T A g G AR
& 9 2 ToU .GIoU ,CloU i1 2% s 50 Fil AF-CRIoU
1 2k BRAE YOLO v3 EAfi I PASCOL VOC 2012
L& T ST EE T NS 41 YN TS AT R D o T
AF-CRIoU 4 2 75 7 Wi S0 B2 1A T GIoU i
e, XAEE K AF-CRIoU B3| A T & FE 5 B 1Y
A EU AR AE S 300, b Tl S B AT 7E YI ki
W R R Ae e WSOk 4 . 38 b IS N AR
PR ] DL i o o 0T S 0 A HE A 2 2 B e

6 Sb 160 150 260 250
Epoch
K9 R [Al48 2 o B fE PASCAL VOC2012 ki i YO-
LOv3 B S1 it
Fig.9 YOLOvV3 convergence of different loss functions
on PASCAL VOC2012

I, AT DA A 2 W SN TN AR T AR SOy
A RE
4.3 AF-CRIoU 5 A-CRIoU-NMS i§ g 3238

1£ PASCAL VOC 2012 _EA{# ] YOLOV3 [ 5
e, AT A-CRIoU AR by = Al JAE 40 il 4b 22
5 M 62 A-CRIoU-NMS J5 ¥ fil AF-
CRIoU it 2% ok 500 AE B2 4 IR 19 7 il 52 30 285
Ao RERW L FEAPTSEMF T AMA AF-CRIoU,
J G 9 NMS 5 6 76 3 52 19 150 (8L i 1R o g A
K B35 3] 65.09% , A-CRIoU-NMS [ #; ) K5 F
e ik % 65. 23 % , % HE NMS #2585 17 0. 14 % .
M AF-CRIoU J& , it i NMS J7 3 ki UK B2 38
3] 65.45% , XF H %A ff ] AF-CRIoU i 2% 1y J5
B NMS 7 2k oK B2 42 55 0.36 %0 [A] #L X LE
HAd ] A-CRIoU-NMS J7 32 (A S 3 T
0.24%. f#iF§ A-CRIoU-NMS J5 3% fil AF-CRIoU
PR AEOL S RS B2 SR 3] 1 B (B . I3,
6 TAE APS0 G54 T X T AR5 2% R R NMS
J7 ¥ 0 S I A5 A A B R R TR SO

FITORAIE 11246 0. 42:0. 47 JJEE N 1E PAS-
CAL VOC 2012 iy A5 RS B A8 fb ke # . 4 Pk 5%
S35k JE R NMS+ AF-CRIoU B 4 NM S+ J5
12 AF-CRIoU+ A-CRIoU-NMS #l A-CRIoU-

RS APTSEHTRATEIFRAEME 7 EFB KSR

HESSRE R
Tab.5 Comparison of experimental results using different
non maximum suppression methods and loss func-

tions under AP75 conditions

NMS A-CRIoU-NMS  AF-CRIoU AP75/%
NG 65. 09
N 65. 23
NG J 65. 45
N J 65.47

F6 APSOEHTRATREIERKEME FEMB KK

L AR
Tab.6 Comparison of experimental results using different
non maximum suppression methods and loss func-

tions under AP50 conditions

NMS A-CRIoU-NMS  AF-CRIoU  AP50/%
N/ 58. 52
V 58. 90
N N 59.10
N N/ 59.13
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10 AP75 %4 F RIF) {4 i AF-CRIoU FI NMS F' %
XFH
Fig. 10 Comparison of AF-CRIoU and NMS methods
with different thresholds under AP75 condition
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Fig. 11 Comparison of AF-CRIoU and NMS methods
with different thresholds under AP50 condition

NMS+JE K . o B AR bk Seon] 1, 7800 25
& A EAE R A-CRIoU-NMS 7 ¥ 88 %
AF-CRIoU $t 2% T Z Wi Fp 7 dE #0 (B 1 B0 T
XiF EL I 4 NS 1 IR] 0 458 2 oR 850, RS B4R B 2
27t

4.4 E T AF-CRIoUR%kHZEER N

R DN /AS o €/ S NS S 73 11 G
AN 50 e xR I Al A AT B E . UL
Bm 4 SR iy I H R AR . B
SCELE T B3, B AR AL T 9 802 5K 42 A iR il
BRG] T IR T E Labelimg YEA7 AR TE . %L
it B2 AL WS 2 001, DI 22 4 R R A R 28 O hat,
AL, % 42 W8 FE A AR 25 S nohat. B4 i IR 7
2: 10y L] 43 I 2R 48 B4R AR . S
MEEUNZE 1R 2 iR .

S0 X 465 1 B yolov3 S K I 26, 43 1) 5 4k
IoU .GIoU .CloU ,AF-CRIoU Jy [ 45 it [a] )7 45 2%
YLt A EGR SF g 618X 618, 4 JH il I A 750
2 5] B E 0. 001, batch size B8 Ky 64, %% 2 &
INBE N 0. 7,5 50 48 i — U, Il 4k 200 %6 .

Ko 45 B2 7 ir s o AF-CRIoU 1 42 42 g A6 I
 mAP ik #] 73.43%, H CloU . GIoU #1 IoU 43
SHETF1.28% .3.26% F16.42% .

RT HWNUBEX L

Tab.7 Comparison of detection accuracy

Loss hat/ % nohat/ % mAP/%
IoU 68. 31 65.72 67.01
GIloU 70.47 69. 87 70. 17
CloU 72.92 71.38 72.15
AF-CRIoU 74.28 72.57 73.43

B 12 24 J5 100 F& I 2k 1 Bt 2 i sl 2 1 o
ATDVE 1, U0 2R 47 8156 101 #8 B, AF-CRIoU
149 AL SIS B RIS SAOTR S e i, Rk 43 )R ToU
GIoU .CloU. fH & B %& Il 25 %6 % i 2% 48, CloU
M AF-CRIoU By W SICIR B8 22 4 T ToU A GIoU,
IR N AR i BRE TP SRR A R
LT A L I H AF-CRIoU BUW 1 % 5 w1 1
F [0 5T, B AT U o5 1 152 25 1, ke T CloU [ul
U 5 e B R R T 0 LA 8 1 0, DA T AR 8
B — AR . HE N INALHE T 5IA LW
fit AF-CRIoU 7 Il Z b 52 B AR S5t 5 A% A 52 Wil #;
JIN AT WAL SR 75 8 B A 47

—o—JoU —e—GIoU

——CIoU

AF-CRIoU

K12 J5 100 Fe Il 2R 2 e St

Fig. 12 Convergence of loss in the last 100 rounds of training

T 42 4 TR ARG ) 5040 2 52 30 vh | A SCJ) I LR A
T 5 100 Fe Y25 v i 000U AE 55 LSS HE 119 ToU Sk ¥
fli AF-CRIoU # K i1k fig . P 31289 L (AVG_
ToU) "™ 78 18 S50 8 b (4 PE A0 6 A, 8 2 10 SR 4
& 0 F- S 52T H , BIREAS 28 3] 5 S HE 0 P00 AE (74 ~F-
¥ ToU, MR 41 °F- 3 ToU 19 725 1k e 35k 27 Al [l 15 Jit
i, FERE13, 20d 2005 IS, AF-CRIoU it
BB ToU SRR FEAE 0. 9 LA L, i Hofth 7 75 9
X ToU ¥ 7E/NTF 0.9 LUF TS BBl 3 o i Je: [
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Fig. 13 Average intersection ratio of the last 100 rounds
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Fig. 14 Effect diagram 1 of helmet detection

DLl .- \ 4
(c) CloUR A /&l

5 R

(c) CIoU#i Al ¥l (d) AF-CRIOUH KA
(c) CIoU loss detection results  (d) AF-CRIoU loss detection results

BI15 22 A i il s 1 2
Fig. 15 Effect diagram 2 of helmet detection

(b) GloUBU K

(b) GIoU loss detection results

(@) USRI

(a) IoU loss detection results

(c) CloUH e Kl (d) AF- CRloUiﬁ%R"‘
(c) CloU loss detection results (d) AF-CRIoU loss detection results

K16 22 iR AR 15 3
Fig. 16 Effect diagram 3 of helmet detection
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