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Abstract. Pig counting plays a crucial role in the management of slaughterhouse production and the
estimation of assets. In response to the existing challenges of labor-intensive manual counting and
elevated error rates within the pig counting processes of slaughterhouses, a meticulous pig counting
methodology was introduced, leveraging an improved integration of YOLO v5 and StrongSORT. Initially,
the improved YOLO v5 model incorporated real aspect loss and aspect ratio to enhance the performance of
the loss function. Additionally, an efficient channel attention ( ECA) mechanism was introduced into the
Neck layer to augment the model’s recognition capabilities in complex environments. Subsequently, a
detection mechanism was constructed based on StrongSORT to facilitate the re-identification of pigs.
Finally, a pig counting method utilizing area ID information detection was introduced based on the
StrongSORT framework. Experimental results demonstrated that the enhanced YOLO v5 algorithm
achieved a pig recognition accuracy of 93. 78% , a recall rate of 91. 98% , and a mean average precision
(mAP) of 96.29% , with a recognition speed of 500 frames per second ({/s). This represented a
significant improvement of 1. 14 percentage points in recall, 0.89 percentage points in mAP, and an
85.0% increase in frame rate compared with that of the YOLO v5s model. The accuracy of combining the
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improved YOLO v5 with the StrongSORT area counting method for pig counting was 98.46% , and the
counting speed was 73 {/s, which was 1. 54 percentage points higher than the manual counting accuracy,

9. 23 percentage points higher than the original model counting accuracy, and 21. 87% higher than the

counting speed. The pig counting method proposed demonstrated high accuracy and was well-suited for

the enumeration of pigs in slaughterhouse settings.

Key words: pig identification; region counting;

mechanism; strongSORT
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Tab.2 Experimental platform
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Fig.3 Comparison before and after mask processing
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Tab.3 Comparison of detection accuracy of

different versions of YOLO v5 models

) Kimns Al PR EE K 3 B/
i SUHR

% R/% VI % (frs™!)
YOLO v5n  92.43  83.73  92.36 1.76 x10°  370.4
YOLO v5s  93.79  90.84  95.40 7.01x10° 270.3
YOLO vSm  95.71  90.70  95.52  2.09x107  125.0
YOLO v51  96.03 91.37 9599 4.61x107  75.2
YOLO v5x  95.22  91.20  96.01 8.62x107  40.5
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Fig.4 CIOU and EIOU target detection effect

H T LI Ak AR S DL S BURE
fE PR Jai BB IR & L B SRR AR 2%, IR YOLO vs 5
ME LIS RO AT MERR U . TR T ATE R L
27 LT R OF 1B B A8 AR OE R G
RURRAIE T 22 W TCARKCRRAE , AT $i o A 28 7 ] e L3
TR T MR MERG 3 . 7E IR AL 1 FE Neck J25]
A ECA[IO'ZMO ECA #i 3 & 3 F SE ( Squeeze and
excitation ) S HIT K BB AL, HAL 9 AE T 0] DLk —
VRS B 2R

ACH BCA T B 1 BLEIBEH R IS YOLO v5
iy Neck J2Hy) C3 H BB ™ 8 & T %%
NP ERS 2, 5 AL &K S s .
2.2 ETF StrongSORT [ X 1338 2 it £ W 28

TE TR 30 38 8 U p TR i 2 W [
— KA 2 IR AN [R] T 4 ) g R, 50K AR A2 T

5 ECA EEIBIGIALE

Fig.5 ECA attention module introduction location

BOEIR PV 2 RO, OF BB A B AR A I 5
PICvE N R W IR H AR SEAT 06 . PR AR SORE
454 HARK DN 35 5 H AR B 0, 0 Rk AT
PUEEEE S 1D U, A OpenCV B He 7 31 %L
ER7
2.2.1 StrongSORT %7

StrongSORT %4 7% & DeepSORT & ¥ A9 2kt #F it
A, DeepSORT 0k 3 2858 1o i 28 9 2% 4 B H A5
fiE £ R 2K 2 8 P 53 125 (Kalman filter) 169 28 1] 5%
¥ ( Hungarian algorithm ) 52 ¥l 38 & . StrongSORT %
¥ DeepSORT 5.3 CNN W28 & # >~ BoT M 2% #H
BT CNNZFWURFE $2 3 gs m] DL 3 0 22 14 34 51
FRAETC

StrongSORT 5. 1 45 & iz 3l 45 1E A1 4b WL ¢ AiE
KT B AR M A B, Hm 0t BoT W 4% 452 B i) H b 45
AEAR A Dy DR HC I 00, A S H AR Az 0 380 AE
NSA IR 2 55 vk 1000 B B0 300 35000 AE 22 18] Y 5 1%
5 B ( Mahalanobis distance ) 3 /8 H #5 09 18 3 4%
fiE, 158 B ARHE 55 B30 HE 22 18] i R X BE AR O A
B 09 A0 WL S AIE, I X PR3 AR R A 20 AR o AR
W, PR AR A0 A1 R B P o 28 ) B89 R AT H AR DT
(LR

SRk TD B B 48 0] 8, 3 3ek 2% Bk D S A Se Ak

P OA 15 BR B B0 DL /> 1D P4, i Bk R
R B0 B R S B DEBE , B0 #0055 B B ECC b
PEEAVE 5 NSA R R & B3k S 95 2048 UT B ¥ REID
5 EAM Lb 385 i REAEAE S, R G U e X H FrAE
53030 HE BE A7 SC B, StrongSORT 57 2 H 44 52 3 4
K6 s o
2.2.2 X3 ID % Bt 5A

R B, T aE B R X R R fR B
SRAE TR, LA TR g X g HRY 3 R AR 55 3R
B, AR i S DXl R AE AR R B> B R
ZoE T BURRAE Y B K . StrongSORT 587k I fig 2%
A Ay BT 1D, i B 1D Y 5, E T 5 R
OB 00 Syl A ID A R i R A9 3 SR AL
A SR — i X TD g HH Oy v S 1D
DX 3 UG i A H R AT 8 B A g R X B
K7 B o

G, H AR R 5 36 R D O OB B
BaH RO BBy 1D R s AR AR AR S R A A i
T3 R P A DX, Y H 0 B Ak s R T B X B
- v A AL AR B, X ID AT BT R A A AR S R 2 M
IR I AN R 2 ROIEARAEAESI R 1 R
Z D MAZRSNR 1 hIFAES R 2 hRRZ ID, H
AT REON 1 EAREAEYN R 2 T ATEAES] R ]



358 & ok L

L

2024 4

& 6  StrongSORT %4 % 5 3 i 72
Fig.6  StrongSORT algorithm implementation flowchart

7 g R B

Fig.7 Pig counting area

HRE T IZ O R ID BEATIE % ORI R B 2
71 W e

R B i BT RO R X R 23 S
AU B AR R e, 2 R B SE AR
ID EWAFAESNL 1 ARSI R 1 AT ARSI
2P B ID AR 2 ISR | PR ER %
ID, B R AT B8O 1 AAEAES R 1 a8 3R 2
IsRZ 1D, e 0 HUEBO T AT B B0 B AT 8
He, HAR AR Al 8 R o

3 KBERELN

3.1 {BSHIEE

AR 5 R IR 2% 2 HE 42 PyTorch, £ Ubuntu
F4 Ligtt BB SHO SR 4 iR,

6 W B 2 2] vl R A R B I 2 A g AR
15 R AP AR il T A 00 B SR SR A PR AL T
DA F AR T R T I AGE R 24 2, i e A A
(MR R SR BT AR SRR 56 v R B 1
BIFEYNGRrb YA T SO A E . ARE R H T 46
PE2F ) 3202 0, Bl 32 10 ORI 1S 2% > ORI
N

BEXE ARS8 AR AR, 2 ) HARE R
o) H R 2% 45 2 AR Ak il £ 40 B9 BT R . Hh 9 T]

A5 A

HUBTIDEA XI5

o
[t s | ERE

FIFRIEEID, FIF2ALFEID,
FZ2 PR IZID FlZF1 P IERIZID

8 I A
Fig.8 Counting algorithm flowchart
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Tab.4 YOLO v5 hyperparameter configuration

B Bl
Batch-size 16
epoch 200
Img-size 640 x 640
Ir 0.01
adam N/Y
momentum 0.937

0.000 5

weight_decay
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Fig.9 Comparison of training loss curves for transfer
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learning and non-transfer learning
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Tab.5 Results of different loss function training
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T oo AR A A 1 45 2k o BT, 2 80 I R B
7, Ul B AR 10 52 % E AR NS 0 L A o 4 2K R
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Tab.6 Results of the comparative trial of the addition of

attention mechanisms

RS R ) AR/

ey EXie
Y(H/ % (f-s7")
YOLO v5 95.40  7.01 x10° 270.3
YOLO v5 + ECA ( Backbone_C3) 93.70  7.01 x10° 263.2
YOLO v5 + ECA (Backbone_SPPF) 94.84  7.19 x10° 270.3
YOLO v5 + ECA (Neck_C3) 95.62  7.01 x10° 270.3

Hi % 6 "] A1, K ECA ¥ infE Backbone 1 C3 5
SPPF 4544 i 1) 380 R A 22, 8¢5 YOLO v5 AL, SF- 3
K BESE 4 5 F % 1.7.0.56 4~ F 43 55, 8% ECA -
Net ¥ I 7E Backbone [ C3 4544 J5 S 8 # R T [&
2.6% ., ¥ ECA ¥RINTE Neck i C3 2544 J5 , I WA
5 AR R U %, B YOLO v5 B U S 35 8
PIAER K 0.22 4~ A 40 &, B E B AE Neck _C3 45
¥ J5 O i = 1AL

h A P BB B L £ X Neck #E47 T AR [H]
E = WA 31N NS D0 R A e € E N R VA i 1| R [T O

) S 10 1 B A/ % P e S22/ (fes !
?IJU $ﬁ”ﬁ9§2ﬁ” 7.7(;1%?06 ﬁ}:;of; : CA.CBAM .ECA SimAM % 0k & Ay AL , 22911 95 /5
MPDIOU 95. 63 7.01 x 108 270. 3 ﬁtg{l\%%ﬁﬂi 7 }%/?\‘o é'JX:JiTJ” %ﬁﬁféﬂ‘ﬂ],ﬁi ﬂl]
cIou 95. 40 7.01 x 10° 270.3 ZEIEE S HLE CA B IE T = HHL#HE SimAM )5,
EIOU 96. 01 7.01 x10° 270.3 ﬁ}ﬁ YOLO v5 fﬁﬂ%ﬁﬁ%ﬂ?ﬁ% 0. 13\0 03 /|\E
ou >3 TO0T 203 S5 255 M0 0T 2 7 25 5 WL SE L ECA J5 , 85
®7T FENERERAKRER
Tab.7 Attention module selection test results
15 Ay YOLO v5 CA CBAM SE ECA SimAM SN BE {1/ % SR W/ (fs™")
HL 1 VvV x x x x x 95. 40 7.01 x10° 270. 3
HERL 2 Vv vV x x X x 95.27 7.05 x 10° 250.0
ML 3 Vv x vV x x x 95.11 7.06 x 10° 243.9
ML 4 VvV x X x vV x 95.62 7.01 x 10° 270.3
B 5 V x x x x vV 95.37 7.01 x10° 250. 0
MR 6 V x x V x x 95.56 7.06 x 10° 270. 3

TV R FTZBIH, x R A R
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PEREM X . WNFE 8 s, YOLO v5 784 fin EIOU
JRE S JIHLE ECA J5 , 85 YOLO v5 45 7Y
KR LT A A (0 H W R TE 114 A 5 i, F
BRI E AR T 0. 89 AN 43 450, HAR B in 455 784 11
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Tab.8 Improved model ablation test results
Ty A
- Wi A R/
Hm W BNOR 1
R/ % /% (f-s™")
YI{E/ %
YOLO v5 93.79 90.84 95.40 7.01 x10° 270.3
YOLO v5 + EIOU 94.47 91.41 96.01 7.01 x10°® 270.3
YOLO v5 + ECA 94.07 90.60 95.62 7.01 x10° 270.3

YOLO v5 +EIOU + ECA 93.78 91.98 96.29 7.01 x10° 270.3

CRUNETPREEEEEE TR e P
Fig. 10 Loss value versus assessment indicator change curves

3.2.4 2 0L ARSI I 48 X L i e

Shy S E A SRk I 2 o0 A HRI PR fE L 8
Uit B AR I B A A OB AR EAT R SR I 2R, Il
2 W 2% £ 45 Faster R — CNN,YOLO v4 . YOLO v7.
YOLO v7tiny \.YOLO v8 A SCHJ ek #f YOLO v5; 4R
I 25 1S BN 225 B X0 A H 00 1RO 38R 1k e A g —
B Hr T IR U T RS
ek YOLO v5 A [R] B 2R 58 F 288

M3 9 FME 11 n] 40, 2k YOLO v5 %% Faster
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Tab.9 Performance comparison of different object

detection algorithms

n kG B N BRI 7 R/
il 2R

Yy(E/ % JHHE/MB  (f-s7')
Faster R — CNN 76.86  2.74x10° 1044.8 10. 4
YOLO v4 94.05  6.44 x107  515.5 49.8
YOLO v7 94.04  9.14 x10° 19.0 128.2
YOLO v7tiny 93.42  6.01 x10° 12.3 238. 1
YOLO v8 95.11 1.11x107  22.5 163.9
ik YOLO v5 96.29  7.01 x10° 14.5 270.3
ik YOLO v5 —

96. 29 16.2 500.0
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Tab.10 StrongSORT hyperparameter configuration

B2 HfH
MC_LAMBDA 0. 995
EMA_ALPHA 0.9
MAX_DIST 0.2
MAX_IOU_DISTANCE 0.7
MAX_AGE 30
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Fig. 13 Pig model counting procedure
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Fig. 14 Results of pig counting
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Tab.11 Pig population statistics test results
R IRES B/ sk @R/(fs7)
B B 65
AL 67
YOLO v5 — StrongSORT 58 59.9
gk YOLO v5 — StrongSORT 64 73.0
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Fig. 15 Process of counting pigs in field
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Fig. 16 Results of pig counts in field
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Tab.12 Performance comparison of different pig

counting algorithms

R MAE/ RMSE/ 4R/
S & (f-s7h)

Counting CNN'® 1. 670 2.13 23.8
YOLO v5 — DeepSORT! ' 1.030

PCNL7! 0. 870 1. 61 9.3
CClusnet!® 0. 900

YOLO v5n'® 0.346 0.710 17.9
M YOLO v5 — StrongSORT 0.307 0.704 73.0
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