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Method for Dairy Cow Body Condition Scoring Based on Integrated
Motion-blurred Image Restoration Using NAF — YOLO v8
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(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
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Abstract; Aiming to address the challenge of accurately assessing the body condition of dairy cows in
environments with motion blur, an integrated method for body condition scoring that incorporated an
improved noise adaptive flow network model was proposed for the restoration of motion-blurred images.
The simple channel attention module in NAFNet was replaced with a channel prior convolutional attention
module, which dynamically allocated attention weights in both channel and spatial dimensions, refining
and enhancing features to generate high-quality body condition feature maps. Additionally, the inverted
residual mobile block module was embedded within the C2f module of the YOLO v8 model, maintaining
the model’s lightweight nature while aiding in the extraction of spatial relationships among body condition
features. Furthermore, the large separable kernel attention module was integrated into the spatial pyramid
pooling fusion ( SPPF) module to achieve a larger effective receptive field, enhancing the model’s ability
to extract global features for body condition scoring. It can effectively reduce the probability of false
detection and missing detection, and improve the detection accuracy. The proposed NAF — YOLO v8
method achieved precision, recall, and mean average precision of 80.7% , 75.3% , and 80.1% ,

respectively, on the motion-blurred test set, representing improvements of 8.2, 4.7, and 8. 0 percentage
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points compared with models without image restoration. This integrated approach effectively reduced the

impact of motion blur on the accuracy of body condition scoring, providing significant support for the

intelligent management of dairy cattle.

Key words: dairy cow; body condition score; motion blur; image restoration; attention mechanism
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Tab.1 Results of model ablation experiment %

C2f iRMB SPPF_LSKA Slide Loss 5% HE%  mAP
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X
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Vv 95.3 90. 1 94. 1

<< x x|l

vV
X
.\/
vV

T VR R A, X TR AR A

HiZE 1 A R A C2f_iRMB A8 e i it 5 +
W 2%, AR 42 5L IR YOLO v8s #5584 i R §2 7 1. 0
ANEIE R A BRI 0.5 A 2L, R B
3T 1.7 A 20 sio K] SPPF_LSKA 5 A

I TR hs YOLO v8s i1 K5 i K42 F+ 1.6 4~ H 4
FOmAP ST 301 AN S . SR IT A B
HERLRY AL 4 YOLO v8s AR AF i 42 71 3. 1
ANAG AL BB ESE T 0.2 S 43, mAP 2 T
3.5 ANHET A AR R, B A ) 4 T AR
He (SPPF_LSKA) 5 + M 4% ( C2f_iRMB ) ¥ #£ R
B AR 2 R A R, 6 2 T B BR R I R R
B THEBEAEM . [FE, AR T AR S A R 4
TR AR AR B (SPPF_LSKA) 5 & + R 4% (C2f_
iIRMB) (R ARG 1 6428 7F 0. 1 A A 40 i, A 11
PEFH0.3 MAS A, mAP T 0.3 D EH AL, X R
A Slide Loss i#F — 25 2 & 7 55 5 4% {4 (1) 45 28 o #
P2 TE TR AR IR

it R AR5 1 5 5 YOLO v8s A, £F
X5 A AR SE B EAT T I, 25 SR & 12 R . A
B 1 AT 0L, bR T P 5 300 AR 3 o IR B AR AR 2K
YOLO v8s #E A B K . EI{% 2 1, YOLO v8s 4
P8 3.0 BIW AR R N 3.5, T ke it A R BE % 1E
6 5 AR AR DL AT AT M, XA 25 T 0 A B 1) 5 25
B (iRMB) |3 53 4l $2 A0 A K B0 B MK 0K LSKA
TE = I HLH R BT SPPF, 4 3% A AN FR A 1 1) 25 Ja]
FEE I GE TE AR, (AR OCVE T 5 H AR AR SC AR AIE
T 4 1 G 000 G T, A 5 e A R 1R A A s A ARE R



% 8 1)

ZEROC S JET NAF - YOLO v8 4 iz S BRI 15 52 It i) 3 4 A DL VP 2 U5 1 263

YOL.O v8s SR T
B 12 SRS 9 A4 P B A I X LE
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before and after algorithm optimization
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Tab.2 Detection results of different detection models on

body condition scoring area of dairy cows

B WA/ % HIR/ % TFERGE % S8
YOLO v51 90.5 89.8 87.6 4.650 x 107
YOLOX —m 82.3 90. 4 77.8 2.510 x 107
YOLO v8s 92.2 89.2 90. 6 1.253 x 107
Mkl YOLO v8 953 90. 1 94.1 1. 111 x 107

H1 3% 2 nf A i, M T YOLO vs1 5 YOLO
VB, BCE YOLO v8 BURRY % | 73 61 571 K0

T
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Fig. 13 Visualization of Grad — CAM
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Tab.3 Image quality comparison experiment

A o
. O -
e br Deblur- Ptk
1% Deblurgan Restormer NAFNet
ganv2 NAFNet
PSNR/dB 16.55 17.02 17.23 17.30 17.54 19.21

SSIM 0.3915 0.4012 0.4327 0.4752 0.5720 0.6758

F2 3 nl LIE B, eoatt NAFNet A= 5 i EZ1
PSNR # Lt )5 i 1z S B 4 44 755 2. 66 dB, SSIM 42
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o Ea43.5 |
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Restormer DL M J5. NAFNet & & i) PSNR 43 #] 42 5
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Fig. 14 Visualization of motion blur image restoration effect
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Tab.4 Comparison of body condition scores of cows

before and after image deblurring %

SRS izl LS T

i
J YOLO v8 -1 72.5 70.6  72.1
Deblurgan Deblurgan + YOLO v8§ —1  73.5 70.9  73.2
Deblurganv2 Deblurganv2 + YOLO v8 —1 74.1 75.2 747
Restormer Restormer + YOLO v8 — 1 71.3 74.5 76.2
NAFNet NAFNet + YOLO v8 — 1 78.7 80. 1 78.3
Ptk ) NAFNet NAF - YOLO v8 80.7 75.3  80.1

M E NAF — YOLO v8 #5 B %t 47 4= K [7] BCS
28 530 B ARG T R SR, AE W A i Bl A R B 45 E kAT
WL RE S R,
®5 AEERESLIPEFERIENER

Tab.5 Body condition scores of cows in different BCS

categories
TR BB 53 25 1) YOLO v8s/% NAF — YOLO v8/%
2.0 80.0 81.8
2.5 83.3 90. 3
3.0 71.0 81.9
3.5 67.6 77.9
4.0 77.6 81.6
5.0 76.5 82.3

S5 n &, M T 5L YOLO v8s, AR UK
MFE2.0.2.5.3.0.3.5.4.0.5.0 iy BCS 255 X5 #4
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Fig. 15 Body condition scoring result with integrated motion blur image restoration for dairy cow
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