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Enhanced self-adaptive loss weight YOLOvVS model based on predicted
bounding boxes in clusters

NIE Peng', XIAO Huan, YU Cong

(School of Software and Internet of Things Engineering, Jiangxi University of Finance and Economics, Nanchang
330013, China)

Abstract: Object detection precision plays a critical role in computer vision tasks. Aiming at the precision problem
available in the one-stage object detection model of the YOLOVS, this paper proposes an enhanced self-adaptive loss
weight YOLOVS model based on predicted bounding boxes in clusters presenting the individual targets in multi-resolution
feature maps to optimize the multi-task loss. The enhanced model consists of the GT (ground true) target bounding box
UID distributor, the GT target bounding box UID matcher, the bounding box position loss weight algorithm and the
classification loss weight algorithm. The overall detection precision is improved by the enhancements of both position
precision and classification precision in the YOLOVS5. The experimental results present that compared with the YOLOVS5.6,
the mean average precision(mAP) is promoted relatively by 5.23 % on average by the enhanced model which achieves the
relative performance of 8.02 % compared with the more complex model of YOLOv5x6.
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cls? cls? *
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(1 — objy™) x log(1 — &(objyie))), &)

pre

- losslc’li/‘[ ). @)
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pre, gt, cluster: THME  HS2MH  REERE;

UID: GT H bril FHHERR1C 42 Jo M — AR5,

Ll &7 R e 1, L];

M, m: M R85 12 BT R0 FAEE, m
€ 1, M];
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{boxi)’fe|k € [1, K} X3 5 70 P 2R Ak B 0 T a2 foreach box;’;g in layer / do
FRES AT IR A, Hodiuid € UID,1 € L, K A5 filter (box ™™, uid{%!™) in UIDpox with
uid AH 5% (¥ T FHE boxf, ¥R, GT H ARl FHAE aspect ratio
UID 73 Bt 88 55E I 555 1. assign box 8 o
'kl (boxigr;?fx’img, boxigrf;x’img, ey boxigr;ifx’img)
initialize gtLabels by imagePath and batchSize expand (boxigrédexyimg, Uidi?niex) to
initialize UIDy,qy = {} (boxg;dex,img’ u dg—ildgex)expand _
foreach 1abe1;’“m.dgex in gtLabels do CJ (bOX;dex7img, uidi“mdgex)
analyze label{ni™ p=1 e ind: i}
and create ground true bounding box box '™ matcl:h (boxy ™%, uiding ™ expand t0
create universal identifier uidj ™ boxyy by cell coordinate (gj, gi)

e _ e
of boxy;““"™® by hash(normalize(box, "))
IMG N ndex.imeg - <ind
maex,1m; : jindex
UDpox = U U (boxg  uidg )

img=1 index=1

GT H #3121 FHHE UID 43 it 550925 1 5 %f imagePath
%A% TR gt b R EAT K, I 4% [ batchSize X b 2
BEATREA P A, RS gl N TP B8 AR AL O DL T
({45255 £ gtLabel = Ht/IJGl{labelilmg, label? .. ..,
label{y,, }, 46 1L UID:f; B J 3206 Labelinae™ i
AT, ¥ 300 A box oo ime,

gt
((ex|left)ndesime (cy|

ﬁ ¥£ E: Xﬂ. bOXindex,img _ o

gt

top)igr;dex,img’ (w|right)igr;dex,img, (h|bottom)igr;dex,img)

BEAT H — 40 A #E A Rk (cx%igr;dex’img, cy%g;dex’img,
W R, I B T 5 A
If] & [ hash (B 13 3 nidjhe™. & 5, ¥ uidje™ 5
DRI I £ i (boxdh ™™ uidindes), 52
Ji% UID 43-fic..
23 GTB#raFHEUID LE SR

YOLOVS5.6 7 neck ' & 46 ff A backbone T K
A AN [ 43 3 2R R REAE 1 SR )5 R AR AE 4 738 FPN
FOREE, A TR A R A R AR S B AR BT R &
AT BN 2 5y P 2T (MRl A R AT B, IR 2R A [ 43 3%
SR T FHE boxlTt . ALW-YOLOVS i — 25 4
(boxigr;dcx’img, uid (™) DCAE 1 box™ 1=, Ay 38 N 45
RBCE K. GT H hri FH4HE UID VG it #% 5
PSR 2 R,

%;‘HL Ny

load J U boxi;r’:f ,

=1 m=1

IMG N e d
UlDpox = U U (boxlgr; OIS id e )

img
img=1 index=1

expand UIDpoyto {UIDP ... UIDY,

box

adapting to the FPN layers
foreach FPN layer [ € L do

GT H #5121 FHE UID DU FC 38 & 5 in 28 90 i 52
HE 5 gt B b 12 S 1) 4 J5 it — b7 11 UID; 48 J5 K
UID ¥ & 2 FPN 45 #4 % )2, 5 % 2 v ¥ 70000 14 5 AE
HEATILRD. (box Ao ime yidindes) ¢ T e i it o 53]
B FHE rb A K B B, B R AR L L
T YOLOVS.6 ¥4 gt 10 L HE & J|& %2 4% J& M 4% A4 Fr,
(boxp 1™ wid (i) 7 ik — A5 W4T 3E W R, 13
B 59 & Ja boxiy M K B — BT (boxiy oM™,
W™ expand. B¢ S5, B I W K A bR (g, gi) ¥
(box34e e yiqindex) T i £ FPN A 7] 5 H4 45 4
FIEKE 82 1 T 120 S boxr 1=, K H UID i i S5 45
pair’ ((boxpy ™™, uidjnee™), box1T).
24 Ly WNEEE

ALW-YOLOVS 1 8 it 1 Ji YOLOvS.6 1 5 T
G HEHRRAE R SH R s S HE 250 A 9 T B
2, 42— R A E AR AU UTD X T 2 3047 43
75, I T 15 N T34 FAE f 0 SEEREE B Bl 19 45
RALE I B 3E RS, BRI S5 3 s,

i3

fetch fyiou,xIoU € {IoU, GIoU, DIoU, CIoU}

attach pairf;:il t0 fyloU

foreach FPN layer [ € L do

LM
uid lm lm
create cluster;” = |J box, box €
I=1,m=1
s lm
pallq»

1 _ ... jindex
uid = uid;,,

foreach cluster]"? in layer [ do

rank each onU}fi,‘f in cluster}lid by formula (7)

calculate loss weight ALm by formula (8)

box
LM
,m
Abox = U )\box’
1=1,m=1

lm
ranky . =
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2 — sigmoid(orderdesc(onU}fifl1 in Clusterfid))a @)

h
AT = rankl™ X exp (epO(fhs X layerIndeX>,
layerIndex € {1,2,3,4}. (8)

SR Je L YOLOVS.6 I fou 45 R, I 5
Ferou 5 pair ]} #EAT LTk SR, 2 T UID Xt H i2
FHE boxm 2 T J 5 4iE 1 J2 BEAT 43 7%, 76 AR AR
cluster}™ Py & %F boxigg 2T onU}‘f HEF, HAR 4 =C
(7) VH BTN FHE 0 B IR BT rankl ™ B, 45 4
IR 2 27 =) 3R AR PN DR B 2 36 150 3 A [R] R REAE [
JZHIAL B 17 T, 4=k (8) TR,

25 Lo WEEHZE

ANIE] T YOLOVS.6 1F 55 4 YR Il 2R3 AR AR T8 22 71 3h
X} 4 7 1 R 2R AE P45 21 0 TR0 220 S7AEE I FH 48— 1)
Lo 73 AR FKALE, ALW-YOLOVS5 #  3E F- UTID *f i
T30 FEREREAT 23 5, FF 48 7 9 T 540 253 2K lossy,

SR AR 8 5% P9 LossLyT KN 1) 00 46 J Bt 1 36 AL R
Bit4
uid .M Im
reuse cluster;"® = 1—19@—1 boxja

foreach FPN layer ! é L ;lo
foreach cluster}"® in layer [ do
rank each losslc’lg" in cluster}™® by formula (9)

calculate loss weight )\i’l? by formula (10)
L,M
/\cls = U /\l’m

cls °
I=1,m=1

Lm
rank . =

0.5 + sigmoid(order g (lossi’fsn in cluster}lid)), 9)

epoch

Im __ l,m
AJgs = rank .’ X exp (

X layerIndeX) ,
epochs

layerIndex € {1,2,3,4}. (10)

5k cluster™, 78 HAKFE cluster™ Py #5%t
boxm 3T lossyy™ 7 FFARHE 2 (9) T TN 12 S AE
{43 FE TSR T vank!" ¥ HE 3 sigmoid B 5 1
FIEHE (1, 1.5), &L A M4 % ) IER R E A
Z3&E BE B A RAE B2 B, a0t (10) Bios.

3 XRE4R
3.1 FHRE

¥ ALW-YOLOVS #5284 7£ H Ax ki W 2 FF H ¥
£ VOC2007 b i3k AT 43 4 52 56, XF b T F AE 15 Y
YOLOV5s6. YOLOv5Sm6. YOLOVS516. YOLOV5x6 5
ALW-YOLOv5 ##7£ % H ToU. GloU. DIoU 5 CloU

SN VSRS I PR bR 2

VOC2007 7 9963 ik Ax i B Fr, & 20 /> 21,
24640 N CLBRTEYIAE, H train, val. test = #5452 X,
A3 B A 2501 3K 2 5105k 5 4 952 5K

YOLOV5s6. YOLOvVSm6. YOLOV516., YOLOVS5x6
N YOLOVS.6 18 54 o (1) 4 /N 3 FF bR A R AR, F 3% 7] 4
B X 45 3 AR RRIE N 6 4 Concaty 12> Conv. 3
Upsample. 14> SPPF. 1> Detect, 3L A R fiEA K % 25
Fa) N 30 1 - 25 #3547 85 2 T2 (W Bottleneck CSP H7
(1) Conv 2 A Ff B & Gu it 3 W 48 FEAVRFAE ), 2 57
PERFIEQnR 1 Fo.

Z& 1 YOLOv5s6, YOLOvSm6. YOLOVSI6,
YOLOVSx6 & FMH4FIER

YOLOvVS5s6 YOLOvSm6 YOLOvSI6 YOLOvS5x6

REE R EL 0.33 0.67 1.0 1.33
i E R 0.50 0.75 1.0 1.25
BottleneckCSP %+ 14 28 42 56

5256 3 5% 4 Ubuntu 20.04
GeForce RTX 2080 Ti.
3.2 iFNiER

YOLOV5.6 J& T % HAs AT 55, H 3 Khr A
1A, DRk, AN R A FH 3t 3 B A 2 15 40 2R B b A
mean accuracy; 2 /X, U F accuracy i, 244~ [7] 2 5]
FEA LA B it SR AT B, 5 BB K A28 530KF 32 accuracy,
NI 5 B0 70 58 vy (RS R SR B R AR 22

V- 2K FE ¥ H (mean  average precision, mAP)
CEBERE T H A I FRS # K (precision) 5 A 1] %
(recall). A1 % 5 A |8l Z6 2 (B A AE 20 00 &R, B 1)
B A] DA (A I) B s A I 238 A0 A B 28, JE T P-R
(precision-recall) {1 2k 3K HUFr A H b5 2501 17 32 05 FE
PE mAP, 70 H PRk AR RS HEAT B A TR PP

ALW-YOLOVS5 B8 5% Hf mAP 1 P-R it 26 1E Ay
AAERY SRR Y 1) 32 B LU AR FR bR, A

CUDA 11.0.207.

- TP
precision = m, (11)
TP
l=——— 12
T TP PN (12)
smooth
P (r) = max P(r'), (13)
interpoints—1
AP, = Z Ic(n)/interpoints, (14)
n=0
NC
mAP = >~ AP, /NC. (15)
c=1
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