YOLO v5

1. Network Design
1.1 Overall Architecture
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YOLOVS5: Model Architecture

1.2 Backbone

The backbone is CSPDarknet53.

The main structure is the stacking of one Focus module, multiple CBL modules and CSP
modaules, and finally one SPP module is connected.

1.2.1 CBL
CBL = Conv + BatchNorm + Leaky relu

. 5 conv

[Update] Change activation function
in v3.0:
Hardswish replaces Leaky relu in base convolution module

in v4.0:

SiLU (Swish) replaces Leaky relu and Hardswish throughout the model, simplifying the
architecture as we now only have one single activation function used everywhere rather
than the two types before.

And CBL module becomes CBS.

activation
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leaky_relu —— Hard-Swish
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1.2.2 Focus
slice + concat + CBL

d E

slice and concat is like Passthrough in YOLO v2. Slice the image into 4 parts, and concat
them. Image size from 608+x608+*3 to 304*304+12.

Q Aft43BIA Focus Layer?

The YOLOVS Focus layer replaces the first 3 YOLOv3 layers with a single layer:

[ ] @ yolov3.yaml - yolov5l.yaml (/User ji ycharmProj; dels/hub - [Users/gl ji ycharmProj; /yol

1y
4 £ side-by-side viewer ¥ Do notignore ¥ Highlightwords v | = O] & & 2 8 differences
yolov3.yaml (/Users/glennjocher/PycharmProjects/yolov5/models/hub) yolov5l.yaml (/Users/glennjocher/PycharmProjects/yolov5/models)
v | v
# darknet53 backbone » &«  # YOLOV5 backbone
= backbone: backbone:

rom._number _module  args

4

(TT-1, 1, conv, [32, 3, 111, #6 , Focu

| [-1, 1, Conv, [64, 3, 211, # 1-P1/2 | 1, Conv, [

.[-1, 1, Bottleneck, [64]] J [-1, 3, c3, [128]],

“1-1, 1, Conv, 1128, 3, 211, # 8-P2/4 [-1, 1, Conv, [256, 3, 211, # 3-P3/8
[-1, 2, Bottleneck, [1281], [-1, 92MES, [256]1,
[-1, 1, Conv, [256, 3, 2]]1, # 5-P3/8 [-1, 1, Conv, [512, 3, 2]1, # 5-P4/16
[-1, 8, Bottleneck, [25611, [-1, 9, €3, [512]],
[-1, 1, Conv, [512, 3, 2]]1, # 7-P4/16 [-1, 1, Conv, [1824, 3, 2]]1, # 7-P5/32
[-1, 8, Bottleneck, [512]], [-1, 1, SPP, [1024, [5, 9, 13111,
[-1, 1, Conv, [1024, 3, 2]]1, # 9-P5/32 [-1, 3, €3, [1024, Falsell, # ¢
[-1, 4, Bottleneck, [1024]]1, # 10 1

To reduce layers, reduce parameters, reduce FLOPS, reduce CUDA memory, increase
forward and backward speed.

ERDFEFEERRRNBERT, BORHEERTrIRN.

How to reduce parameters and FLOPS?

o[ 52% yolovb H Y Focus 1 HIIR#E focus £544-CSDN EE

[Update] Remove Focus in v6.0
Focus RYGR = :
1. REEEARTHE Focus, BARKE, FHERA, BIMIAXNARTFEEBAET .
2. TELLESHTHY GPU & b, focus Lk conv 18, LEHEREEE

So, Replacement of Focus() with an equivalent Conv (k=6, s=2, p=2) layer for

improved exportability. ftXEEEFREEF. FTI—REE.

A4 Conv(k=6, s=2, p=2) layer T [AZ 4} Focus?
a[ 2% yolovs JRRL#EAT(0)- -focus EMBE T ?  vyolovd AHALRE focus |E 7 -CSDN 8
=

1.2.3 CSP
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BackBone

< CSPXin YOLO v4

(jiangdabai@126.com}

< CSP1_X, CSP2_Xin YOLO v5

CSP #=iRE 1EA?

1. ZBBEEEERRR
2. BERITEESBFEMA
3. HESRFHEFILRE

CSP1 X 549 FF Backbone,
CSP2_X MR FiF Neck, 5 CSP1_X X AIZET, ¥ Res unit #E, T 2 * X 4> CBL,

B&I: yolovs/models/common.py at v1.0 - ultralytics/yolovb
class BottleneckCSP(nn.Module)
# CSP Bottleneck https://github.com/WongKinYiu/CrossStagePartialNetworks

def __init_ (self, c1, c2, n=1, shortcut=True, g=1, e=0.5): # ch_in, ch_out, number, shortcut, groups, expansion
super(BottleneckCSP, self)._ init_ ()
c_ = int(c2 * e) # hidden channels
selficvl =eonv(El; € . ;1)
self.cv2 = nn.Conv2d(cl, c_, 1, 1, bias=False)
self.cv3 = nn.Conv2d(c_, c_, 1, 1, bias=False)
self.cv4 = Conv(c2, c2, 1, 1)
self.bn = nn.BatchNorm2d(2 * c_) # applied to cat(ecv2, cv3)
self.act = nn.LeakyReLU(®.1, inplace=True)

self.m = nn.Sequential(*[Bottleneck(c_, c_, shortcut, g, e=1.@) for _ in range(n)])

def forward(self, x):
y1l = self.cv3(self.m(self.cvi(x)))
y2 = self.cv2(x)
return self.cv4(self.act(self.bn(torch.cat((yl, y2), dim=1))))

Q:nn.Conv2d BT, bias (YER? 1EA?

bias BEHN B M WEBEMEN —HAITZINE (BE2—4HN, BRI

[out_channels]) .
{BR1&% input )~F& 3x3, in_channels=3



conv = nn.Conv2d(in_channels=3, out_channels=4, kernel_size=3, bias=True)

bias & —@#H{E (# outchannel W 1 ME, —H#H4ME). MESBRE, 81
out_channel BY4FEEIE R 9 MEEE, F—INLiZ@BIEXN N bias &,

ER: ABYERYE, ARSHEEIEETFNN T, REESHNREM IS EHEE

MR IFEEN batch norm, bias MiXiXE A false, FA bn EE KX F RIS,

1.2.4 SPP (Spatial Pyramid Pooling)

The purpose of SPP in YOLOVS is to aggregate context at different scales and enhance
the receptive field, which is beneficial for detecting objects of various sizes.

[E YOLO v4 —#¥!

[Update] SPPF replace SPP in v6.0
Optimized version of SPP: The SPPF (Spatial Pyramid Pooling - Fast) layer
uses fewer resources while maintaining the benefits of multi-scale feature aggregation.
is mathematically identical with less FLOPs.
A maxpool (5, 1, 2)i#{7=>X & $TH) maxpooling #1E
MRRBETN, BENHEET/NTRE, RERZIRA.

SiLU MaxPool SiLU SiLU MaxPool SiLU
T ¥ T T T
— BatchNorm MaxPool BatchNorm—p — BatchNam MaxPool BatchNorm——p
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YOLOVS5: Neck (Within Dashed Box) ciiieaas

YOLO v5 uses the methods of FPN (top-down) and PAN (bottom-up), same as YOLO v4.
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v4 iy Neck R AV ERR L BAYBTRIRME; YOLO v5 A9 Neck £ A1+ AE A CSP
g7

AT PR MBS IR S AEE ST .

Densenet

Concat add X35 ##4k?

Neck F A+ 4EH CSP2_X, fiA= CSP1_X?

RMEBRXBIZET: CSP2 X & Res unit KT 2 X 4~ CBL. B A Neck MZ&& AR 4R,
BE 3-4F, FMAFERZRES., AL BSREEREREER, #1TRERNFFTE
T, FRPAREREMZREGESEE, BRIEHER.

[Update] C3 modules replace CSP in v4.0
TECE X rep—

24X4 a mm CII.
CSP1_X. CSP2.X —

C3 in backbone —

24X

C3in neck —

Why C3 modules?

Latest models are all slightly smaller due to removal of one convolution within each
bottleneck, which have been renamed as C3() modules now in light of the 3 I/O
convolutions each one does vs the 4 in the standard CSP bottleneck. The previous
manual concatenation and LeakyRelU(0.1) activations have both removed, simplifying
the architecture, reducing parameter count, and better exploiting the fuse
operation at inference time.

In general, the changes result in smaller models (89.0M params -> 87.7M YOLOv5x),
faster inference times (6.9ms -> 6.0ms), and improved mAP (49.2 -> 50.1) for all
models except YOLOv5s, which reduced mAP slightly (37.0 -> 36.8). In general, the
largest models benefit the most from this update.

C3 modules Z{EY1#?
in models/yolovbs.yaml



# YOLOv5 backbone
backbone:

# [from, number, module, args]

[[-1, 1, Focus, [64, 3]], # e-P1/2
, Conv, [128, 3, 2]], # 1-P2/4
,» €3, [128]],
, Conv, [256, 3, 2]], # 3-P3/8
c3, [256]],
Conv, [512, 3, 2]], # 5-P4/16
C3; [5121]s
Conv, [1e@24, 3, 2]], # 7-P5/32
SPP, [1e24, [5, 9, 13]]1],
C3, [1024, False]], # 9
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If no False, enable res unit, is CSP1_X. If False, disable res unit, is CSP2_X.
1.4 Head

4.Prediction

-

76*76*255

38*38*255

=@

19*19*255

Output channel still 255, same as YOLO v3 and v4.

Each grid has 3 bounding boxes. Each box has 4 box coordinates (ty, ty,tw,ts) (the
definition of box coordinates follows from YOLOv2), 1 objectness score, and 80
classification scores. Total = 3 x (4 + 1 + 80) = 255.

HRFMHE?

1.5 RERAERT

F.yaml XXHEH, SIAFENSE width_multiple, depth_multiple, R4 AR RE R
A (YOLO V5 s/m/I/x) »

depth_multiple IHERERFNRE (FE)

c2 = make_divisible(c2 * gw, 8) if c2 != no else c2

width_multiple IHE#ERIG—REMNEE (BiEH)

n = max(round(n * gd), 1) if n > 1 else n # depth gain



# parameters # parameters

nc: 80 # number of classes nc: 89 # number of classes
depth_multiple: ©.33 # model depth multiple depth_multiple: ©.67 # model depth
width_multiple: @.50 # layer channel multiple Width multiple: @.75 # layer channe

# anchors # anchors
anchors: anchors:
- [116,90, 156,198, 373,326] # P5/32 - [116,90, 156,198, 373,326] # PS5
- [3e,61, 62,45, 59,119] # P4/16 - [30,61, 62,45, 59,119] # P4/16
- [10,13, 16,30, 33,23] # P3/8 - [10,13, 16,30, 33,23] #P3/8 2.3 3 Y0|0V5ﬁmﬁﬂgﬁ':g
# YOLOVS backbone # YOLOVS backbone
backbone: backbone: g —
# [from, number, module, args] # [from, number, module, args] gopeunes a SRS —
[[-1, 1, Focus, [64, 311, # @-P1/2 [[-1, 1, Focus, [64, 3]], # @-P1/ =
[-1, 1, Conv, [128, 3, 2]], # 1-P2/4 [-1, 1, Conv, [128, 3, 2]], # 1- Yolovss Yolovsm Yolovs! Yolovsx
[-1, 3, Bottleneckcsp, [128]], [-1, 3, BottleneckcCsp, [128]], F—esp1 P11 P12 P13 csp1a YOLOVSs Struture
(-1, 1, conv, [256, 3, 2], # 3-P3/8 (L 1, Conv, [256, 3, 211, #3- | mton | ons | oms | ons | eam || g HEHOS A
[-1, 9, BottleneckCsP, [256]], [-1, 9, Bottleneckcsp, [256]], F=Aose1 csp13 csPL6 P19 csP1_12
[-1, 1, Conv, [512, 3, 2]], # 5-P4/16 [-1, 1, Conv, [512, 3, 2]], # 5- | @—icse2 csP2.1 csP2.2 csP2.3 CsP2.4
[-1, 9, Bottleneckcsp, [512]], [-1, 9, Bottleneckcsp, [512]], $esp2 csP2_1 csP22 csP23 csp2_a B conend ﬁ'
[-1, 1, conv, [1@24, 3, 2]], # 7-P5/32 [-1, 1, Conv, [1024, 3, 2]], # 7- | #=fcse2 csP2_1 CsP2.2 csp2.3 csp2_4 —
[-1, 1, SPP, [1624, [5, 9, 13]1], [-1, 1, SPP, [1024, [5, 9, 13]]], | BHicse2 | cse21 522 csp23 cspa
1 1 FRANCsP2 P21 csP22 csP23 csp2a

6084608*3 - _@
Concat| — —
: i Revep

(1) 324 (2) 644 (3) 1284 (4) 2564 (5) 5124

76*76*255
Yolov5s YolovSm YolovSl Yolov5x
(1) HREAR 24 484 644 804"
(2) EREHE 644 964> 1284 1604
AN AN AN A~

(3) &R 1284 1924 2564 3209 Saiaavsii
(a) BHREHE | 2569 3saf 5124 6404
(5) SRR 5124 7684 10244 12804

=
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2. Training
2.1 BENE R RE
ABTRIEUER?

<*3E: 800%600 K3 4157416

BENERERNEES BEERER, EREEGATENEN, ¥EHMNITEX
H&x/ME. 7E utils/datasets.py B letterbox() 5 S2IR

B8 IHHLEERLLE B HREREIHRYT

K*E: 800%600

K*E: 416*416 K*5: 800*600 g_i{soo*o.n:ue KB 416*312
—%"600%0.52=312



B8 HHBDERHE

416-312=104
KR 8007600 g | 0" (104,32)-g KU 4167320 (312+8)

8/2=4

TRNZRDLZNT . BRNERDTERR, RAHERE.,

A4 np.mod & ¥ 322
21 Yolovs BIMZRZ1E 5 SR TRAE, 2°=32, XHHEBEIA AL 32 #Ek,

R RERENXA, VISHEEXRBESREZNAR (Why? )

1. RIFNGBEBH—2H, UEHELIE, SR TII%, HEREBERAN—Z
{&F anchor HEEHMMKITE.

2. WIETMAEN. BENERRMOUEILERSIRT FEEG, BRENERAZRNE
M.

2.2 Data Augmentation

Mosaic data augmentation

EAMKINGEGE—ELHHAE K —KER, FEREFSAEENEERIRINR.
HRIEB BT B EH % batch size B9FEK . (Same as YOLO v4.0)

2.3 Auto Learning Bounding Box Anchors B i& R $EE
YOLO v3 v4 #iZ %X A k-means REE ZAELIRE T IELINEFE anchor &

3=
1. X2 anchor 24 X4EEEHIRE (COCO) ks, F—EESHOCHEIRE
2. AP ZEECETREMARKITER CERE LMNBIERST, REFHFEHEREXH,

HREEH AR,

EE, YOLO V5 AUt iRAZI I, BaiitEHEREIESER anchor &

parser.add_argument('--noautoanchor', action='store_true', help='disable autoanchor check')

# Check anchors
if not opt.noautoanchor:

check_anchors(dataset, model=model, thr=hyp['anchor_t'], imgsz=imgsz)

7 train.py |, “noautoanchor" S Ak iz .2 & /8 B &N anchor A1,
noautoanchor = False, MR ER--anchors ZHEHELE XHENSE
noautoanchor = Ture M| B A B&ER anchor #l5l. ZEINZFFEERT, FIA k-means B8
MEEEE BETIHRIGEEEENTELERINEEERST.

B&MUE:

1. MBEHEE: EEONGEEEFAE AL BIMETRE,

2. BITREER.: XHESETFRE CTHENE CFR: AREXESSR, 2HA—*E
MEms, HENTEGRT) 517 k-means B, BIAMKERE 9

ct



3. EEIREMBEEE L + Best Possible Recall (BPR): YOLOVS HIB X BIRREAFE
MIEEE, ME2ET 1 - loUanchor, gt), BfrEimAMLEY loU/BPR, FEFEARE
"k (GA) R LREBEFD., BPR EX AEIBEFREWENHEIE (IX—F loU &
&, ZRIA 098) BEMELEMLLA, 3 BPR BLkE IR MNHEIELLBIRITH B E 4R
SHRHEFBEREIR.

4. HEERE (BER):

TTE YA HERC B 7 ST EdR&E A BPR 5 mean loU,

MR Y FTEAER BPR IR TFEANHE (BIAA 0.98), FE mean loU K FEANHE (B
TA3 0.60), YOLOVS BIAN HBIHAENT FiX MRS RS RILH.
MRHAEYRIFHEARBL, YOLOVS SEFERTKMNEIE, HALE 2 hBEEE
HIETEAER R T (.

5. EFEE: FAMTELHN. S HEEENCNEER TG ERIE.

2.4 EREEARIS

(1) ¥ anchor T

BRIE— GT AR E T ENTND XENNER, 1ZMERE 3 #ARE X/ anchor,
¥ GT #EFNIX 3 Fh anchor X A shape $LMIT AL, FLECEIAY anchor &BT] IASRFUNZ GT
&, Ri— GT A0 U £ anchor TN,

shape 80 : 3% GT EFI M BIZAY anchor BT E R SLL. ERSLLA/NT R EHE, N
IANA1Z anchor 5 GT ILECRTN, HMAIEMHEAR, MRATFRERE, WX GT {EH
1% anchor {ELECE AT, ZEIZEFTNHIAARE S, ARFEAR,

(2) B8 grid T

N GT EFOSFEMNMNBIE ATUNAME . 4 T IEINEHARE, ESEBIZME
BB ANIEME, FrIXEA GT &L 0B 3 MM R TN,

FREA, NFEA GT, AE—TNE LREH anchor REAAREEBFAERL T2 3 HE
6 & 9.

(3) BHUNE

YOLOVS B=EANFRERENTNS X (WEARPNFHEERER), NSNS, #Bi#
(1) (2) #B%E

ME— GT ERE S Z N> X EH anchor ITEEZALTH, MIXLe4> &R o] IXFMIZ GT
Fit: —4 GT HERZ o] IXILECE] 3(4X)x 3(M4&) x 3 (anchor) = 27 M IEFA

Q MZHIEI YOLO RIIFHATRE?



yolov3 maxiou. KEIRLIAS  REANIERA yoloyd T o TR IR A
fiill{Eanchor 31~ fiifi HEanchor 734~
¢ . 4 . *
gt gt
) N
"”1: x|\\',:
N ki
— AR — Mg, — RS S A —~anchor — AT EH I — 0k, — A% % 4anchor

multi branch. multi grid. o B,
yolovs multi anchor. uf LAVLH | 2T IEREA

£z, %[, Zanchor
Tt iEanchor 17274~

Ff_‘ [ (|
] Hred e L.
gﬂ L T i

N

e

NS
EMRMETH=1FEE, B4Mig =1 anchor

HE—MNEE, —1 GT ILECHY anchor #EEER ZZ 9 1 BAFE RN, —1 GT
RET LR 27 NERAR, KRKEINT ERANESE. (Fit)

i, l_ﬂlfF#%JsEj]i“i]ﬂfl-_ﬁzliﬁiﬁél_zﬁfﬁkﬂﬁm BT IR SR, BRHT
SINTRZKRE anchor, XER#E4E TR

2.5 Loss function

WEEMAZFESER— mask #EIBEFE, ATRERBEITE. mask EBERE—
AN IREERE, T2 dR B (batch_size, num_anchors), FBFHRICHBEE anchor 2IFREA (True),
WRLEZ AR (False) o

Total Loss = A_box * Bbox_Loss + A_obj * Obj_Loss + A_cls = Cls_Loss

A\_box, A\_obj, A_cls 5, ATFEERARITSHNE. FHIAMED 54 0.05, 1.0, 0.58

m 3R EF D HH K 23T mask B True B anchor & ; B{EERENXTFFA anchor
T8, BEAMAIGERE

Bbox _Loss: CIOU
e Clou

"a good loss for bounding box regression should consider three important geometric factors, i.e.,
overlap area, central point distance and aspect ratio”

2 (b, bet
CroU = 10U — (2 . ) | aw)
C
)9t
v= ?(arctanu— - arctan%)
o v
T (1-1TIoU) +v

Legoy =1 — IoU + p2(b, bgt)c2 + av



ZEEZETEEAR. PUOSEE. Bl

pAIE A FN4E B B9 S BEES

c HAE A FIE B IR/NBEEFAN AL KE

v AEA. IEB M SLEABUE, BUESEE N 0~1, YRESLLESER vERO0, HESLL
HHZETRAR vE 1

ok vEIREEAF, IOUMABEA BHESXEMA, MoK, Mt vAFIEEL;
Rz 10U @/NBR1 AL B IES XA/, Mo/, Mo v BIRZIREL),

HIEA. EEBHBEELRIZ, BESLERILRAR DIOUE-1, vEU1, alphaBL 0.5,
LAY CIOU BR-1-05=-15; HiEA. {EBEL =S, DIOUE 1, vELO, o0, N
CIOUEL 1, EIt cloU BUESERZ-1.5~1,

Obj_Loss:
{8 F Binary Cross Entropy (BCE) Loss XitEBEER%.
Obj_Loss = BCE(pred_confidence, target_confidence)

Lopj = — [t-log(a(p)) + (1 — t) - log(1 — a(p))]
FFE EAFE AR anchor 82 51t8E, BixEARE,

yolo Z BTARAS B 3 XF mask 4BF% 4 true B9 anchor Tit{E 1, false I{{E 0, A4 R mask
A true RFNTNAET R BE T BFR. XHEKRBEIST .

YOLO v5 B9k :

mask = True A anchor: FAEEMREN 1, MEH ClOU & GEE 0~1) EAHBEEE
%, CIOU 5 — E8AER — HFE8IEER 1.

mask = False B4 anchor: BEERSHEMEN 0.

XEE, FREFENANSTUNE. BRRENESEEX, EAEHSNREER A,
AR CIOU MBUESERRZ-1.5~1, MEEFEESFSEHNEESEERZ 0~1, FUFEEXS CIoU
M—NEHFA IR 4 CIOU /T 0 B EIEER O {E1EAHRES,

Classification Loss:
ZRIA{# A binary cross-entropy (Same as YOLO v3)
1
yi = Sigmoid(x;) = ——
= l1+e
Lclas: — T Z yl* ]-Og(yl) e (1 . y-; ) ]-Og(l - Yi)

n=1

2.6



7~ IgRERRE

(1) ZREI% (Multi-scale training) . WNRMEAIMNE416 x 416, APAYILAIRHEFHE SN
0.5x416 F 1.5 x 416 PIEEVE, (ERTEHIEERRE 32004,

(2) EFEaEIEER warmup #iTillg. EEETUIIGMER, SERR/INIZEIZI)%—Lepochs
=i steps (044 epoch 100001 step), BHEMATRSTIRENNFIZFEH1TII%k.

(3) 7T cosine I TPEHREE (Cosine LR scheduler) ,

(4) RAY EMA E#it&E(Exponential Moving Average), H=TIGRESHRT— 1 HE,
XEEFER S ENTER.

(5) fEMAT amp #HTREHEENIZ (Mixed precision) . BEEH/REFHSFEFHEMR)IZE
E, {BR%E GPU %,
(5)
Reference
Releases - ultralytics/yolovb
Brief Review: YOLOV5 for Object Detection | by Sik-Ho Tsang | Medium
(39 HIAE /15 £IHE) Yolovb BE(EE. R0, LWER) - MF
(39 HIME /17 ZIEB) RANEY Yolo &= Yolovs BRI FNREEHR - F1°F
(39 HIE /17 £EE) —Szl% f# YOLOV5 5 YOLO V4 - 51
(39 HIAE /17 £HE) HEHEMNER volovs RE T ML - HF

yolovs F1A§ Focus HEIRFIIEfR focus £549-CSDN HE
YOLOV5S Focus() Laver - ultralytics/yolov5 - Discussion #3181

yolovb JERD#E#T(0)--focus EHRZE T ? yolovs AHTAALE focus E 7 -CSDN EE

B4 SPP R 7E YOLO H# SPP/SPPF XL fE sppf F1 spp-CSDN %
Understanding SPP and SPPF implementation - Issue #8785 - ultralytics/yolov5

YOLOv5 EPE’J CSP #E43-CSDN &
Al K#L5 (+/\) | Yolov5 9B B8 - AI j(l_ﬁ - Tﬁ@l
(39 ;tﬁM* /21 %385 yolovs B ARIEMR WMERECTEIRIE - F1F




