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Abstract: [Objective] Swine limb and hoof disease is one of the significant reasons for culling breeding
swine, resulting in substantial economic losses for livestock farms. The diagnosis of swine limb and hoof disease
typically relies on manual observation of pig gaits, which consumes high labor costs and has low efficiency. The
aim of this study is to achieve automated pig gait scoring, and efficiently determine the health status of swine

limb and hoof. [Method] This study proposed an “end-to-end” pig gait scoring method. Videos of individual
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breeding swine passing through designated channels were collected and a four-point gait dataset was created.
Deep learning techniques were employed for video analysis. A time attention module (TAM) based on a 3D
convolutional neural network was designed to effectively extract feature information between video frame
images. By combining TAM with residual structures, the pig gait scoring model TA3D was constructed for
feature extraction and gait classification scoring in the gait videos. To further improve model performance and
achieve automation, the gait focus module (GFM) was designed. GFM could autonomously extract effective
information from real-time video streams to synthesize high-quality gait videos, improving model performance
while reducing computational costs. [Result] The experimental results demonstrated that GFM could operate
in real-time and reduced the size of gait videos by over 90%, significantly reducing storage cost, and the gait
scoring accuracy of the TA3D model was 96.43%. Moreover, the comparison test results with other classic video
analysis models showed that TA3D achieved optimal levels of accuracy and inference speed. [ Conclusion]

This paper proposes a solution that can be applied to the automatic scoring of pig gait, providing a reference for

the automatic detection of swine limb and hoof disease.
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hoof disease
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Fig.1 Flowchart of pig gait scoring method based on 3D convolutional video analysis
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Table2 The proportion of different gait levels in the

dataset
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Gait level Quantity Percentage
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fIt75 Excellent 176 433
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Table 3 Experimental results of improved YOLOv8n
ALY KEHR /% HIE1E/% /(s ") 77 RUBHEL/(210)
Model Precision Recall Frames per second Floating point operations
YOLOv8n 99.8 99.7 185 8.2
YOLOv8n-2h 99.7 99.8 200 6.9
YOLOv8n-1h 99.8 99.7 217 6.2

1)YOLOv8n-2h& = YOLOvSn#R & X | ¥ 24F RE #9451 3% ; YOLOv8n-1h& = YOLOv8n R 4% 8 K R Z ) sk
1)YOLOv8n-2h represents YOLOv8n keeps two detection heads with large and medium scales; YOLOv8n-1h represents

YOLOV8n keeps only one detection head with large scale
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B, ST A E Bk . GEM I 5 AT E i H Ax
LH, BREBRIUR B, FF HAERE Hbr E 4k
G U BRI B TE 80 A5 B . U Hr e

M 1920 15 F 1080 B K FFM N 224 B FE <224 &
7, MIEMR R R AR B 97%, &R EE
FE A B R E LS. ARG T A
GFM Hi J& WA A K6t B AR K /%o B, 45 4
B 7 B o ARHE B A i T 0, 7R GFM & 1k
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B AN Source gait video M iR High-quality gait video
10 4. 3imt K- Video duration 300 4 A K/ Video size
g 8 m 25
vE- Z 820
_\,—E £ 6 Z %
= 35 > g 15
g4 =2 0
Bz =%
. | I 0
0 0 .

AN Bt Jok R4 75
Fail Pass Good Excellent

LAY Gait level

A Bk Je# R4F 75
Fail Pass Good Excellent

LB Gait level

7 GFM HiE AT ERIEE
Fig. 7 Comparison of GFM data before and after processing

R B A & G S R 4 il 4
7 70.40%- 52.48%- 47.96% F1 27.38%, F AL
AT R /N4 308D T 97.53%- 95.01%- 91.04% F
94.04%. FHILATHI, GFM H R4 7 MK, i
PUATS & AH 6 G0 — FF BRI 3 = 17 A8 A 25
B R4, GFM RS /NEZ> 90% LA
by BRORH IR N T AT S, B AR T AR AN
253 FAESRBER A CHEHLET 4
Fon 3L 84 B AN B A VE /3 #8 TA3D 47

MR, R Tl 25 R 5 B S g b AT xF b, SRSV
Ay MR ZE RVRE PR W3R 4 Fios . MRHE R P s nT
B, AT RAE 84 BRI AR AN b 1 SR 1 A A AR
FIECH N 81, HERFILE] 96.43%., Ht— Lo K
D, TR FEAR ARy« s ” g, “ R
K7 Gt 12 ANFEAR, Hodr 9 ANFEAS TR Tt
N2 RS, 2 MFEARERTNA 3 43554, 1 M
A RTUM N 4 535525 “ kg™ FOoAHRA
75%, HAR A EIZRLEF] 100%.

x4 WOMAGERRFERE

Table 4 Confusion matrix of score testing results

AN FITIPE 73 FRRE A K

'_"/"F%E? | . . ) . I [a]|Z /0
AL &I Sample size with different predicted score H IR /%
Real gait level ; ; ; . Recall

143 1 point 243 2 points 343 3 points 4/} 4 points
A Bk Fail 15 100.00
Lt Pass 9 2 1 75.00
R Good 21 100.00
.75 Excellent 36 100.00
F&H%/% Precision 100.00 100.00 91.30 97.30

N B AE TA3D HITERELL K GEM [I1E
F, fEAR TR 26 N H 5IE 40Kk 4 AR 75 A 4y
P R g AT X b . IR S Rk 5 FioR . AR5
FAGEAE AT 5, TAZD 5 GFM 454 Ja A4 E
PHER R IA B 96.43%, S5AMEH GFM 1% 5L AH b
e 2.38 NMA T R W T AR, TA3D HER
% 5 13D. Slowfast Al TANet A8 2> B & 1
11.91, 2.29 #1 1.19 M H 48 s, 5 VideoSwin 7,
EMAN GFM 5, TA3D WHE#i X 5 13D.
Slowfast #1 TANet #H Lt 73 742 =1 7 4.76. 9.53 #l
3.57 AN 53 e X 4 TR oy A AR 2R g S IR 3 %
HAA : VideoSwin % T Swin Transform™® 2244,
I3D. Slowfast f1 TA3D 3% F 3D % 1 % 4,
TANet T 2D B L. H e, TANet 5AH)

x5 BUMOMIEEIIL

Table 5 Comparison of various video analyzing models

R HERIAR /% PP HERL 6]/

Model Accuracy Average inference time per video
13D 82.14 2.02
Slowfast 91.67 2.12
VideoSwin 94.05 1.28
TANet 92.86 1.24
TA3D 94.05 1.18
I3D+GFM 91.67 0.40
Slowfast+GFM 86.90 0.44
VideoSwintGFM  96.43 0.43
TANet+GFM 92.86 0.26
TA3D+GFM 96.43 0.26
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TA3D TERFIESR BB H g 1 1 b R BUAR Bl 4k P
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TEZE 5. X T W R IE SR UL B, TANet BT
7 B & BB (Temporal adaptive module) A
WUy SCBETE, B A AR 5% 1 B IE B A R
7 s SHe AT i [va) 1 4 ] 4 55 (R RPAE B2 B RE 7T, BRI
RO IR (I 245 B . M N, A
TAM XHRFAE B (0 B () 24 B Ak 20 58 SRy 8t , B8 3
T4 B KBRS A BB I e T AR R A
B, B AR SR P A . 4R BE, TA3D
5 VideoSwin 34250 S f HE BB, {H 2 78 Af
GFM J&, TA3D I (842 4 VideoSwin K
60.47%, AT LA GFM 454 J5 1 TA3D
AR . NFRAE T LUR L, GFM 7R U AR |
FAEXT BT A A [7] S A 43 BT S A R R A -
XTT 13D, GFM S #ER 2R 42T+ 9.62 AN 43 s X

T Slowfast, GFM W35 AH S 4R F, A H R 22
FRAR T 477 ANE 5.

N T HE— 25 oy BT X AN [ R 5 A 1R )
TG 0L, ARSCAREEG T T &R GFM Rl JEX)
B O AU (RS 2 5 Bl 2, 45 545 0
6 MK 7 Frun . K5I 2R m AR b T 452 51
TER I ELER, 23 AT 5 455 280 (10 0 A 3 5o Bl mT 2, 45 488
RO F “RAF” M“ARTE” DA E B R 5
BOR, EH GFM X T “AREA%” BEAEWAER
FUAEH . M GFM J&, TA3D T “A Rk ” 35
SRR AR S T 16.67 ANEH 5 M, B3 T
100.00%, ¥iB GFM A ROt 2 IR T XA F D25
(IRRAE o A 0] 5 R 7R MR AR Hh % 20 4 RS Hh 1
b, MRYE SR A A B RS L mr g, « Ak 2
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Table 6 Comparison of various video analyzing models before using GFM

. K1 %/ % Precision A [F1#/% Recall
Si;; I T 7 ARfs BB R 7
Fail Pass Good Excellent Fail Pass Good Excellent
13D 57.14 76.92 95.24 93.10 80.00 83.33 95.24 75.00
Slowfast 71.43 100.00 100.00 96.88 100.00 83.33 100.00 86.11
VideoSwin 93.33 88.89 91.30 97.30 93.33 66.67 100.00 100.00
TANet 82.35 90.91 95.45 97.06 93.33 83.33 100.00 91.67
TA3D 83.33 100.00 95.45 97.06 100.00 83.33 100.00 91.67
FHMH Average 71.52 91.34 95.49 96.28 93.33 80.00 99.05 88.89
®7 EH GFM FEIISTRERT L
Table 7 Comparison of various video analyzing models after using GFM
. FE 3 2/% Precision 7 [F1%/% Recall
fﬁl IRM RE ORI 75 TR KM R 7%
Fail Pass Good Excellent Fail Pass Good Excellent
I13D+GFM 88.24 80.00 95.00 94.59 100.00 66.67 90.48 97.22
Slowfast+GFM 66.67 100.00 91.30 94.44 93.33 33.33 100.00 94.00
VideoSwin+tGFM 93.75 91.67 95.00 100.00 100.00 91.67 90.48 100.00
TANet+GFM 83.33 100.00 91.30 97.06 100.00 75.00 100.00 91.67
TA3D+GFM 100.00 100.00 91.30 97.30 100.00 75.00 100.00 100.00
“FH51H Average 86.40 94.33 92.78 96.68 98.67 68.33 96.19 96.50

ARICIRELARTT T MR ATRER B R GFM
XPEATBATRCR RN, & 8 f&or 1 & MR [a]

1 29 I Gk R R B R AT 2 HE B R, BL
GFM XA HIRE I - MR ¥ &) 8 wI A1, 5] GFM J&
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= J& GFM Without GFM = 43 GFM With GFM
a: PL[a[ A P21 2RI 8] Average training time per epoch b: FARSIE S HE LI 8] Average inference time per video
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Fig. 8 Comparison of training and inference times for various models
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