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Research on bovine teat detection method based on
the DRN-YOLO fusion model
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Abstract ; [ Objectives ] In automated milking systems , accurate identification of cow teats is crucial. Due to the complex environment of
milking parlors, existing cow teat detection methods faced challenges such as poor accuracy and low efficiency, which negatively
impacted milking operation precision, workflow efficiency, and farm profitability. To address these issues, an improved DRN-YOLO
model for cow teat detection was proposed in this article. [ Methods ] The YOLOv8 backbone network was optimized using a DRNet
module to enhance feature extraction capabilities. Additionally,the detection feature scale and a spatial pyramid pooling( SPP) structure
were incorporated into the path enhancement network, enabling multi-dimensional analysis and feature extraction from images. This
improved teat recognition performance and optimized parameter configuration. To evaluate the DRN-YOLO model , a test set composed of
600 cow teat images was utilized. [ Results] Comparative experiments with widely-used object detection models ( YOLOvV9 and Faster
R-CNN) demonstrated that the proposed model achieved a precision rate of 99.07% , recall rate of 98.88% , mean average precision
(mAP)of 98.41% ,and an F,-score of 98.97%. Compared to YOLOv8, all detection metrics of the DRN-YOLO model improved by
approximately 2%. Furthermore, the detection time was reduced by 542 ms compared to Faster R-CNN, while detection accuracy
surpassed Faster R-CNN by 1%. [ Conclusions] The improved DRN-YOLO model enabled accurate cow teat detection.
Keywords : cow teat detection ;deep learning; YOLOv8 ;improved DRN-YOLO model ; object detection

I %s B H#A . 2024-12-15
E&£W A AR /M BIH BE ST T TR H (2023TSGC059901) 5 H W I ARk - T H 5485 ( RKZ2024ZY-03)
BIEEE . THUAR, WA, BB, UF5E 18 A R R B U A 9T, E-mail ; zhenweiyu615@ 126.com,,



698 [EZI S S A NI S £ 49 &

AW AR SREE Y B B 55 s i B A 57 B IR R TE Bl 3@ EAE LT H N TH IR EGR
B 2~3 W BAEMT 300 d, N THUIATRREHRRKZ , A K, IF HZETE 3k 7] 5B XT 45 4 7 A= 17 1 5%
M A BB ARSE AR SR P B AR TSR I A IS W7 i, A sh BT 0 S L BUR A TR W 7
KO AT AR SO U A3 L BT, Bl — SR Gl R LSk A ik
8 LR B R 4 A SE 00 = I T 3RS, D SCPRBR T IR I S B . SR GRS S TR L TR
JEAE 2T id et F 22 S BMRERIEFROR 0 T N T MBS SRR TR oK TR 27 2T R B Ok i i 52 2 R 5
T ASNMEB I SR AR, TR S I A FR A TP AR Bz Y L T A R ek
YOLOv3-tiny S35 SEELWG 4= 7L 5 4 F sh A I, 03 40 2L B A K MRS B8 15 %) 77.3% ; Lu %51 3£ F R2Faster
RCNN &0y 3 T e 00 2 58, BE IS R0KS BE (AP ) {8 M 80.41% , 451 -G48 M I5F 6] 24 0.19 s; Porter
AUV R T — RS 2 20 W 4% FE T T ey 37 E 2R LSk AR A 00, X R FL Sk IR H S OHURE RNl R
BE 4 FIRZS B AE h 2 R AR 20918 0.778.0.542,0.863 F1 0.920; 4 T W32 Sk A6 I &1 BF 58 A Bk A1) JH
TR 2% 2] BB BERG ISR > S) L B AG: A R0 700 P R O A A LA T TR 5, A TR B 2 ) AE
A FL kA U AR AL TS

T U430k 8 T/ VMR TR —  JF BB 0T IR EE 2 2%  AREE Sy X H bR = A i sl e A, PRI b AR
SCA BRI A, £ —Ff DRN-YOLO ¥R B2 ] SRA AR A | 2858 L YOLOvVS #5550 Sy Jfify, 3 i it FH
DRNet FEHRA) 5 0 B 1 0 265 k2> D 28 S50, TEARFAIE 4 - 35 X 4 () 6 388 hm 17 3 AR AR e RUBE , Il it A2
BT R 2% F1 SPP 2548, 4 5 2 R S AR)Z G Z ] R il AR, ARG SR X 5 2R 2L U A

1 RS

1.1 BHRE

AR SR B4 2L B ok F IR 2R TN X 4 22 W AR FR 08 08 A), A ml BUAA A s i 2 000 sk
e b E R s A DA LI A A A A AR AR, T 2023 4E 11 A 1 H & 30 H L3130 d, B
H 13:00 % 14:00(15.:00 FFIREH) 76 1 SHUTREV A FLLEMGR, H00T 0 ARIERE, LA R,
BT RSE A 45 mx 10 m, Br@ sk A« g =0 {3, —3A 30 50507 , AT 0507 43 3k 05 2F 5 st
KR 12 min, FARR M R IGTEF A S E b AU FHL (S 59 10 OT) J B35k (2 400 TR E +
1 600 JTRZ) L AP SR T4, BT 20 1R 4 680 1R K x3 456 1R & | FEIEZ54 35 mm it A&l | IR
J OB R 100 ~400, DT THEE R 1760~ 1/180 s, FA8%4E 3 5 FL K (W BE B #E I 7E 20~30 em, 40 1 FR,
DI A= LSk Ab Sk A s D st ST A b, HG v 0 A 2L Sk e 5 b T 1) 0 1m0 SR Y O T e, W AR FL Sk FE
AR BT Y B 1k Z ShE Dy ), T A R AN 5 A LSk A 5 Sk X OE D e, A A R
YZ V5 4 GR-90°~0°, XY P12 2.3 GRE-135°~ -45° Bk Xt a4 2L

ot ’ ) . ~ f\\
[~~~ Y ) Y \
A y A
N N § o~ \ | 0° X
~ YA,

\ A

o) o) i) %
005 | ] [ Rk '_‘ ol \’: =450
A. DI Side shot angle B. BRI A ) Tail shot angle

1 DEmEREE
Fig.1 Diagram of cow shooting angle
& 22 YR FRIE O EURIEAR AL IR AR SR 3 25 Lk RUGORAE TAE  4 H TR R 1 [ 2 IT e Bk
iR THGEIE N T — R R —E BT VR L Iy, 730K T B2 58 U = 5 AR 41 2 3 Al
PEATEGCR A . T PR, B HRAERI W AR B0 10~15 Sk, BEALRAEDF LK IEE, 18 ik
Fi1RE R BREATLIBORE , B RSk W A= SR AR 24 20 5K IS W Rl — 54 AT Z UOR [ FEROR AR, BT RAE K&
RIS 4 FLk . 730 d N, RITEREE 6 930 5K W54EFLk RGB K&, LLIPEG #8 3 Ufitifr . £20ii it )
RO | TR A E AR B IRR , e X 1 400 BRI A= 3L Sk PR EA TG, 4% 0 W5 4= 3L Sk RS b A 5 A T



£33 &, 4 . 3T DRN-YOLO RS8R0 () 4 4 Sk K60 5 v it 5% 699

R AN [ 2 RS B 2 L Sk AR B SE AR [R] 5% B8 L e AN T) £ 25 n] RE S MR R (R PR . 6 33k
55 ATk FL L AR RGP i SRR 41 3401 060,265 .1 135,28 il 1 372 5K,
1.2 EfEmaE

T IEFR I T H Labellmg XF 1 400 35054 7Lk U BUS AT N TARTE K R iR B 4R 4 B 106 19
F 43 A 200 Sk S AR BRSNS 1 200 Sk R IR B 45 . R RSHR I 416 (2 &K x
416 4% . M TAFLRIRRA — | AT RBAAAE P R B &, AR N R - 1) AR A B A5
AT A2 5 2) Ay BIRREEAHAB W3 A= L3k o Bk S8 EL Sk BURAR I, Labellmg 23 F 842 UM XTI Y xml SC
8, SO e SR A FLSAR T REAE Y A2 T A AR B AIAT T AR, AR IR AE 4 | Y8 LA BAR 2515 2 .
R T AN Zrad B X AR 2L AR I HE A —fb AR B, an=X (1) B

x:xm;;‘fmin ’ y:yme;;i/min ’ w:xmaxR“xmin ’ h:ymathymin (1)
K x vy aw b SRR I — AR 5 W 28 LS bR v R T AE s A A BR LA B AR T HE 9 5 B R B s x  Xn
¥ e Vi I BN TARIE WA FUSR AR IR AR 22 ARG T AR R, (R, 430 W 2F 3Lk R 96 1
B

XPBRTE 58 A RS SR FH B AR (A g o 7 O 85 08 4 E AT 1 o, 3 0 J5 B 4R BB 4 200 gk, =
HREE S 600 Tk, UIIZREE N 3 600 5K,

2 WAF KRR E
2.1 YOLOvS 1%

YOLO Z510 Sy i BeAG AR Y 4G 3o AR 558 T XU BEASS 0 B P (LRG0 v P 22, By B A
FIATE B IALEI LSS mAs B (R SR 2 2 S 2 AR 18, Ry 1 0N B R 2 () A 1Al | A 5 e 5 LA
YOLOvS #E AR BLali e AT ot . YOLOVS J2& H i YOLO Z 5 ke a5 pAS , |32 W T Tolk B fn ¢
R BHAERENSHME, B YOLO R E B 20 & MUA (U1 YOLOvI0, YOLOv1T %) {HiX SR A
TE R B RO B A A R S, T YOLOVS F14 38 1 R Bt B (o LT 36 1 Sl AR R 9% 1 S v A
0 fdi 1] DRNet #it/¢ 2 CSPDarknet B3 i1 1] SPP 4 T35 ui Ak 2545121 JF s PAN BRAZHATR N 28 58
TR B R ZEJEA 3 ISR SE RN 38 1 ARG IR B | £ AR 47 A LSk K60 o A JE At 38 o 4
A LSk ARG I P A
2.2 YOLOvS #&= & i
2.2.1 DRNet #5782 RE0 7 T B ARSI 5 R g 80E 215073, BT YOLOVS it
e B B RUZ SO0 251G A 0B T 2%, BT AR A B BRe b o] DI R 55K, SEBR I R B2 BH A
BT RU B H BRI S0, 2R 7 R SR R BRI B I 25 1 A P e ARl A A AR A A H 3 A P A A
A G JRIBR T R B A A A L S R T 3 o 5 B ] o i A SR R R R A AR S S, YOLOVS LA
)1 R 2 X L3k BIDRS o R 01 5 R i A oK

SCE DRN-YOLO S B AUfifi FH T ik DRNet B T M 45 54 YOLOVS ‘B T 4%, DRNet ‘B T M 4%
{5 DenseNet' 2! Fil ResNet PFP 2 L8 H)  Fil-5 T Denseblock 1 Resblock 3¢, DenseNet ‘B T M 2% i
CBL 45141 Denseblock 15845 4 44 1%, 3 18 Denseblock BEHEA ROB I T 16 BE Y J L4, Insi T FRAF R 1%
8 P —E TR Bsib 1 S8 ARG 3 BE P ResNet 2 1 CBL 4544 F1 Resblock #8455 #4 i, i
i Resblock A3, AT LU (28 2 IR 22 > BB J1 5% . DRNet ‘B T 25 H DRNblock Z5H4 4Nl 2 Fii7R - H 2
A~ 1x1 CBL %544 .2 4~ 3x3 CBL 544 .1 sk AR N2 A 2 St imaE gl n, FREfs 8 h L —&B i A

 CBL gy CBL
= - =] Conv BN  Leaky relu
A. DRNetf##t DRNet module B. CBL#5#4 Structure of CBL

2 DRN #ZHREE
Fig.2 Structural diagram of the DRN module



700 BMoa oKk L K % % HK %49 %

DRNblock B}, {5 BN 2 SR BRARAL 10— 2 . — S A2 20 th DU I 308 AR —40; 55— SR A% ) 2 Sl
i 1A 1x1 CBL 5890 1 A~ 3x3 2548, Z 5 (5 BN 2 Zc i Ae m) T A&, — 2k Bk AR o pLsie il , — 2%
ARG 1A 1x1 CBL 8581 1 > 3x3 CBL Z5#4,2 S58B4 H 1 4> add JRIL A, 5 &0 REERE E 915
BT R PHE R B AT —9%, $HE(S Bl 1 DRNblock I, — 77 T B HEH FRAF 15 8 P i 18 14 3 i
W PR B SRR s O — TR T B ) s Ak A R 22 B o, B R R B
FEA AR G 43 , 7 fT Ak 9 E A RIXE B2 1 () Bp 38 ] DADRUER A6 BE T S %2 . PR, DRN-YOLO ‘5 1M
KM TR YOLOVS BT 4% MR T3 B | o i P ) AR A £ 8 B B i, 2 ) RE T o

2.2.2 SPP ## SPP Z5H NI 3 Ar/k, SPP g A KA B K

axpool
INBHE T, 285 20 R IR BE AL 555 % 20 T A 5 5 O 9 s
A BTSRRI . o sep st 4, /AT
S DA 7] 7 R LI 4 M0 T 0 0 B = Mﬁpl

SR Y W 7RIS B, JE A SPP S5 48 AT L) S )
PRRAEFN 2R RRAE Y RRAE KT Rl 75 5 B 2RI 1R R IR Rk
M E LR AP {6, T SPP 254y R 20K FRAE B i A 1
UC, HAGIN R LS R-CNN S5 A G 2 ) 24 ~ 102 47

BT IR 4 S B AR RUBE 2 5 A i v 2 P 28 i 432, W 20 LS R A B AR T IR 2 AR 30
TEPREAT eSS A IR , TR IARRIE B S5VR )2 I E4 Z (R SPP 4544, W LU 85 4 3l 1E Jm 8 5 4 Jm 1
TEAR BRI A (2 M 2% P RE AR A B S N == 5 O HL3G sz 97 $2 = 0 48 2h A B Akl (oG B2 [R) B 42
RN il Y5
2.2.3 DRN-YOLO #EVE ST FIJHFHLAAE G54 2L 3k G IMEAR B , BHR h 05 4- 2L S AR T
ARG TN I B34 FURAR R RN RSk R R AR SR ] 22 57, S BORZ MES R IR 2 .
TP, 5] DRNet S5, B4 YOLOVS 5T W45, REAISI 7, 767 A5 FRIE 4 35 M 4% FPN' )
LR 3N TR RO ZEBr R AR RURE L R AR 58 R0 4% PAND G5 8 2S5 IS 2 2 I RFAE il
FEAL I HEA T FE R, BB 5 T, 2R A CloU ( complete intersection over union) /7 f{
ToU ( F0IN 370 5 & 5 1 TG AR B @ AR A T Lo 32) | B B B RUE B2 A ST J0URN i =2 1] 1) B 35 38 0 4 2K bRy
Boz e, HbswiEH AR AR E . CloU HHEAR

3 SPP #E
Fig.3 Structure diagram of SPP

2 b bgl
AL (2)
c
v
= 3
- loU+ (3)
4 . w* N g (4)
=—| arclan ——arctan —
v ﬂza(ahgtaca L
*(b,b*
LossCIOU=1—IoU+p( 5 )+a11 (5)

C

T e Fom P s FAE 5 LSRR R AE 4 e /NI AR T 6 A R R B s o0 /R B PRA 0 R K 58 HL AR
PE s b0 RSB R S BASIAE (1) 58 = AR — WU TIAE A B L 507 (b, 0% ) s TN Pty 4 5 B S
Z IR ES e Ja H 1-CloU 13- B AR #5125

DRN-YOLO Bk 2 an &l 4 pros , A R & 2 By BeRriE A A AL . B 416 (R F x416 12K W
WA FL 3k EUR B Sl it 4 26 DRNet 8 (BCR L HE 20000 44,20 4 ) R4 A 1 I 45 10 A7 % 5 AR 4
B, BEEH2 A FPN+PAN WUV RRIE 4 FIE G54, 220 i EoRAE | R AE AR S8 2 RIS B
WIZENAE B S IRIZE SURHE ST 2 ROERVA Y BUEA F & 25815 UE B E A RHEE, R4, &
3 YRARFAE 38 508 I 1 22 248 P A B ARG N Sk S50 S, 30 Ao A [0 131 5 40 b il i o Al 24

3 ZRESM

3.1 RESHILE
gy DL R AR B {4 S 4 TiE . Intel Xeon (R) W =2135 CPU® 3.70 GHz Fil NVIDIA GeForce



%34 &, 4 . 3T DRN-YOLO RS8R0 () 4 4 Sk K60 5 v it 5% 701

Input (416,416, 3)

¥ 1 OUT YOLO
| 'Conv2D_BN_Leaky (26,26, 128) i
Upsampling } :
- { OUT YOLO

| [Conv2D_BN_Leaky (13,13,256)
: Upsampling

 OUT YOLO

Backbone Neck network

4 DRN-YOLO #%Z £ 4 [F
Fig. 4 Structure diagram of DRN-YOLO model
RTX2080TI ; A5G Hc & : Ubuntul8.04.6 #:4F 2245, Python MiAS 3.6.5, CUDA JiiAS 10.2.89, CUDNN i/ 7.6.5,
OpenCV A< 4.4.0,,

RIS, HAL IR (batch-size ) FNAHN 73 T2 (subdivision ) 235 Wi Y11 245 iy HI ] Ak 3 15145 %k
TR, 43R EE N YN 2R B R B ) R, D% B, YAt PR E SO T 16 Al FRBE /N T 8 B, R
U2 L CUDA Exrror;out of memory” , I, SE05EE MALALHLEG N 16, 400 FERE N 8., 7E YOLOVS K%
A3 AR A RS 416 18 FR <416 1823 520 12 F x520 132 % 608 R = <608 8%, i T 141t
BRA P A KRR 416 B E X416 15K,

T 1 VRN 2 2] R TR AT 22 T RO 0.1 B Ak BRI 7E 4R 390 YR A2 A5 Bt H B4 A A
RIR T BTGB DL (B 5-A) 5 242420 %A 0.01 B, 35158 BB FE AR 900 A2 AT HH B R (R 4%
T HTCERSIE DL (B 5-B) 5 242420 %58 0.001 B, 45128 A S K4, R H B HE I KA 0, 775
TS EE R, TR BT 4R 2 2 R 0.001 , AN R 958 55 [m) T L2y 850 ) 4k , 38 5 S 4 2 R BSOS ik
T, E R 2R A S Ja 380 S /M D el A RS AR 3o 40065 T R, LA R 42230 T 0, 1T AR 78 BRINE R 0.000 5 4
BHEOR PRI B A % R 0.000 5,

A 10 B 101
ERR 8
S
-
2 6 6
g
2
m 4 4l
i
B 2r 2
0 1 1 1 1 1 ] 0 1 1 1 1 ]
0 100 200 300 400 500 600 0 200 400 600 800 1000
EARIREL The number of iterations AT The number of iterations

B 5 ZEIJERRKREZM
Fig. 5 The effect of different learning rates on loss value
A. 3N 0.1 BF With a learning rate of 0.1;B. 23]k 0.01 Bf With a learning rate of 0.01.

YNGR B S IR M C, 73 IR IR 2% 2T %20 0.001 A FEIHAE K 0.000 5 44 T
TEEAR KB R, WF 5T % B 325 4% 1 000 YR, $12k B4R AL T RABLEIRAS, B (E o 2.854 35 %1%
10 000 VKIS, #5125 th 4k B 2 FF LR S, (RT3 A0 T R BLARAS R0 1.250 8 ;324X 20 000 YR, i K IH
A FRIUA AR HIM R RPRC V22, B PR 50 B AR UK 0.946 653548 45 000 YRAT, 12 L
PG AR BB AR FHH i 2 AR B S SE LA RS AN 0.398 2, R T AR IA I S LA 8L



702 BMoa oKk L K % % HK %49 %

R, MR 50 000 YAFHL, K IR LT84k, BR (4 0.360 9, RIIBHAIIZRC A B 58 R 5,
WO e RSB 50 000 WX,
3.2 iEMiELR

T PO R e ST L BRS3034S B 0 K acouracy ) K B %
(precision) . & [F1%& (recall ) . ~F #2785 £ I {H ( mean average precision, mAP) 4¢Pk (specificity ) \F, 1353
(F,-score) AR RISZ 5 BE (KBS NAE A 5 H FLOPs ) K A R VEBE

TERTA AR IR D5 T, B AA 4 RS ERAYE(T, ) MRBAYECF, ) (EBAE (T ) AR B
(Fy) o KA BRHE AR,

T
Precision = L (6)
T, +F,
TP
Recall = (7)
To+Fy
SEYAERE F, 155 MERR AR ST A 2
1
AP= f Precision( Recall) dRecall (8)
0
1
mAP=— Y AP (9)
m m
F -score = 2 Prec%s%on * Recall (10)
Precision+Recall
T, +Ty
Accuracy=—————""—— (11)
To+T\+F,+Fy
TN
Specificity = T+, (12)

3.3 EHARIE
SEIE DRN-YOLO 5 1 phr kS5 W A %50 , 2T YOLOVS AE 4R T Ji 1 sl iR 56 | 8 3 A He Ak 20 5 56 4IF
TR R GV 25 S RE TRk . G5 SR AN 1 o | Bt I RS TR B 7 S B B AR 0 R v A R S
B E R T
®1 FEERIHEE AL 200
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Table 2 The effect of different loss functions on the model

FH Model SR BEAMH/ % mAP F, 1843 F,-score K118/ % Precision B %/ % Recall
ToU #74 ToU model 97.22 97.31 98.09 97.32
CloU #5574 CIoU model 98.41 98.97 99.07 98.88
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Table 3 Comparison of experimental results of test set

D e N T , e TR /ms  BUMPIE di 7/ MB
A e % RS/ % H I % Yl % fESHE T R Mean time The amount of memory FLOPs

Model Accuracy Precision Recall AP Specificity I, -score to detection occupied by the model
YOLOv9 94.46 97.29 96.91 96.27 0.41 97.00 28 9.3 233
YOLOv8 95.50 97.80 97.44 97.34 0.52 97.61 28 8.9 13.5

Faster R-CNN 96.25 98.14 97.93 97.49 0.61 98.03 568 20.3 58.6
SSD 94.49 97.08 97.14 96.34 0.42 97.11 30 13.8 30.6
DRN-YOLO 98.04 99.07 98.88 98.41 0.80 98.97 26 8.6 12.3
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Fig.7 Convolution feature map
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Fig. 8 Effects of different influencing factors on model results
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Fig. 9 DRN-YOLO model detection plus noise image
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