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Research on Dense Detection Algorithm for Brown Mushroom
Based on Improved YOLOvV7
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(Qingdao University of Science and Technology, Qingdao 266000, China)

Abstract: In the complex environment of industrialized brown mushroom cultivation, to address issues such as low real-
time detection accuracy and speed, and high false detection rates of harvesting robots in densely growing brown mushroom
clusters, this paper proposes a dense brown mushroom detection algorithm based on an improved YOLOv7. To prevent net-
work degradation. enhance the network’s detection accuracy and speed, and reduce computational costs. the ELAN _ PS
module is introduced to replace the original ELAN module; The AFPN network is used to replace the Neck part of the origi-
nal network for multi-scale fusion, allocating different spatial weights to feature maps, thereby enhancing the model’s ability
to distinguish dense targets; The MDIoU loss function is introduced as the bounding box loss function forthe algorithm, opti-
mizing the network training convergence speed and improving the model’s detection accuracy for individual dense brown
mushrooms; The improved algorithm is trained and tested on a self-built industrialized cultivated brown mushroom dataset.
Compared with the original YOLOv7, the model increases the detection speed by 2. 1%, the detection accuracy by 4. 9%,
and the average precision mAP@0.5 by 9. 1%.
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2.3 IGFEE55HIRE

AR S 5 1) R R ) 2 5 0 ) A S 5 I R
FEEM. LI FE R Ubuntu 18. 04 #/E R 4,
M S o GeForce RTX 4080 11§ GPU; CPU #l =5 k4
Intel (R) Core (TM) i7-13700; [R]R}. ® fH pytorch I
B HESL, I 12. 2 fUA ) CUDA, JF R A H py-
thon 3.9, JF &k #i1%E%s N Visual Studio Code 2019,

AV ZR B 48 R/ Ry 200 Cepochs) o ) B 2 2] 32
(learning rate) 2 0.01. #i A B K A K/N (imgsz) K
640X 640, FF 48 I 2k B WK/ (batch-size) i 16,
LT I 25 R T 0 B A B 7 5.
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TR S AR R AT R TR AR SOR A H AR A
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5 3 U P 28 TN B i 19 A3 [T %6 Recall (R) . R R
Precision (P), %% P & R 0y %k & FPS DL & 10U
{B 5 0.5 B -2 K5 B Mean Average Precision (mAP)
VERASCI TG IR 805 . o, B TEN 4845 1 X
J5 AR R

TP

R= 05N (12)
_ TP
P=1p+Fp (1%
_ 15
mAP = — ZDJOP(R)d(R> (14)

M. ELIEM] TP (True Positives) 275 # 45 H #%
PR E B0 R 1 S B s R Bl FN (False Nega-
tives) FoRs M i H AR BOA BB AL N Y S B R . BIRE A
WK 45 s % IE ] FP (False Positives) 2% JE# 45 H
P A5 T R 4 Oy 4 s P R, D e Al i s N ROR B
PO H AR 9 28 50 Bl it s 76 A S X 4 g A A aE AT R
M. BTN %F 1,

2.5 ELAN #3585

£ ELAN SR 5 A ERETFAEZ AN AFN
MEF LU A5 B, 8T UE A Sk i s,
PConv & SCConv 43 itk A ELAN B A R 7 &, LA
WA I R X I, HAR T RNER 1 frox, —3t
H 4 X%, PConv 5 SCConv 78 ELAN £ 3 i 14
Hikim A BB ® A, B. C. D@l 15 iR,

X1 TEITE
45 13 9
PCE#ME A SCCHANME C
PC &i#efi® B SCCHANME C
PC&#fiE A, B
PC B4 i & A,B SCC ik A D

CHEHCHS!

PAET7 S m B 2R 2 T 2.1 P A ) a4
KA R R, FEUER P LI mAP@O. 5 fE P 4645 .
PRI SR A IR I . SIS R 2 Ps.

2 ORBER

kS Recall Precision mAP@0. 5
©) 0.878 0.935 0.902
@ 0.861 0.940 0.893
® 0.909 0.924 0.922
@ 0.898 0.965 0.907

TEO. OMBEBEAMLTEO., OEE—L,
MRETEMLE A B RO A B RYE mAP@O0.5 &
IRELTT 5 @ 2w, H 2 BT 0 R Bl R E T R O IR
4106, TERERIMEREAR 22 R R AR KA BT . 1k PR e
AR 17 SR AEHE G A AL R A PR L, BT LA

%33 %
Input
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o
o] | [=]
c—"
CBS
o
CBS
D Cat
CBS
Output

# 15 ELAN fi & &

@1 &5 1 58 B A 0B
2.6 HELSCIE

T B AR SC R AT I A BE A, X L B o R R
FTIH AL SE S, 3 76 R YOLOVT £55 50 v 3 25 18 IS 8
F:fft ELAN _ PS %Ef4 . APFN &t . MPDIoU # 4¢ i %4
B, K1 A A AR G M BE B Y 48 BR 5 AR el it aE
TPRTEE s S8 B Al SE 50 o A YR 2 50 1 48 FH A ] % S0 4
IR IEE LA AR SR AR A RN R 3 TR

%3 MR A R

Model Recall Precision |mAP@0.5| FPS

v7 0.932 0.931 0.898 92
v7+MPDIoU 0.926 0.948 0.886 95
v7-+ AFPN 0.891 0. 944 0.913 97
vi+ELAN_PS 0. 898 0.965 0.907 89
vi+AFPN+MPD | 0.939 0. 950 0.874 106
A 0.981 0.989 0.983 97

M 3 AT DL . IR YOLOVT 558 ep iy 37 7t
AE [8] I 351 25 R AR B 3 MPDIoU 22 J5 . A kS o BE I
L 7%, (HEE R TR RN, i AFPN
T e e JFOR ) SPPCSPC B 5, 55 700 (1 A6 0 A i 42
W 13% . BER SR A Tk R E T
246 A ELAN _ PS B8 B 4 Ji ELAN BEH 5 . B A0 %t
AR R TS B4R T 3. 4%, {EL 2 L 0 1y Ay 0 o
Ak B AFPN B 5 MPDIoU 45 4 58 %5 [ if i A
5 YOLOv7 BRI, A [n] 238 0 $0000KS 5 56 #B s A 42
Th, Hdh G ERE T 1.9%, KEERS T
15.2% 5 ARMUHEAEJR YOLOVT [ 3Eftl @& 7 3 Fhek
PP, Sk e R RS R AR T 7. 800, K
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EEE, 45, LTl YOLOVT (1) %5 4 48 2 A6 I 37k i 52 - 151 -

W@ T 2.1%, BERS R ERA R0, @
SETH AR, ER T A SCER M i A AR AT
YOLOv7 #5587 %55 5 48 4 A VR Mk b i PR 6E .
2.7 A[EBfRENE XX LS

R T 24 BT R B i A TR A A A 1 A
D7 T8 A R S R . AR IF S AE 3.1 b A A
L HEAE I, AR MR 5 R YOLOV? 8% . SSD.
YOLOv3™? . YOLOv4™ | YOLOv5., YOLOv5 ik i .
Faster R-CNN B35 i A7 XF b S 8% . A% 797 52 35 19 A
T 43 ) S A A 1) P SRS B mAP @ 0. 5 5 B R0 A I ot %
FPS, S2g g5 RNk 4 fios .,

4 AR B AR I Ak B M e X L

Model mAP@0.5 FPS
YOLOvV7 0.898 92
SSD 0.819 47
YOLOv3 0.814 41
YOLOv4 0.865 76
YOLOvV5 0.886 83
Faster R—CNN 0. 945 17
YOLOv5+MPD 0. 804 76
YOLOv5+ AFPN 0.851 88
YOLOv5+MPD+ AFPN 0.834 86
A itk 0.983 97

IWEATLIES, RHEHERR mAP@O0.5 H5
FPS J/NERAG 8 5 H Al H bR A il 350k . Horpr, A el A
RITE TOU BB 0. 5 11 #4985 B2 43 il bE )it YOLOvT 55
P, SSD, YOLOv3,, YOLOv4, YOLOv5, Faster R-
CNN#T T 9.1%. 16.4%. 16.9%. 11.8% . 9.7%
553,800, UL HIAS SO A R LR A R 1 M e LR S b AL
OB B PL v . o — 5T, A A DN e R 4
5 A S ASE TR ) S i M R RT R, MR TR 2 b FPSfH
REERE RS YOLOVS 55 YOLOv?, 74 3
2 A B B R B FPS A L YOLOVS 5 16. 8%, FLJR
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X, RSP AT LUE . i ] MPDIoU 5 AFPN 1y
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Ji YOLOVS fPERE £ 8 . 33X w] RE J2 A Ry B 45 ) 1) AN IE
MECH IR IR Z S EH.
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TE 97, AEPREF KU S2 PR i Rl oot A9 B T4 A
00 B 5 B i PR RE . AR T A R A Ik B
T AR R (R, e Se s B AR P T
UL AR B EREE T BB A1 PR 38 2 6 AR 0 B 0 1) U B
ROR P —E RN, FEARK DR BE . R A SO ik ik
A BRI S 6] ARSI AR, A AR 4 30 8
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