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(School of Mechanical Engineering, North University of China, Taiyuan 030051, China)

Abstract: In the detection of defects on the inner surface of gun barrels, challenges such as strong textural
interference, low-contrast defects, and complex noise exist, and existing methods still have shortcomings in
terms of detection accuracy and other aspects. This paper proposed an improved YOLOv8-R50CBAM detection
method. After comparing ResNet50, MobileNetV1, and VGG16, ResNet50 was selected as the backbone
network. The core components of this model include: Embedding the CBAM attention mechanism into the

backbone network to construct the front-end feature extraction module CRB, which enhanced defect feature
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responses and suppressed background interference; Introducing a PANet-based bidirectional path aggregation
module BPAF in the neck section to strengthen the interaction between high-level semantic and low-level spatial
information; Integrating Soft-NMS during the inference stage, and enhancing TTA and confidence temperature
scaling calibration during testing to form the detection inference enhancement module ODI, which was used
to improve the recall rate of dense defects and the reliability of confidence scores. Experimental results show
that the proposed model achieves a precision of 89. 3%, an Fl-score of 0.858, and an mAP of 85.0% on
the gun barrel inner surface defect dataset, with an mAP improvement of 19. 53 percentage point over the
baseline model. Ablation experiments demonstrate that the CRB and BPAF modules significantly improve the
detection and localization of fine defects, while the ODI module enhances the model’s detection capabilities
on complex samples and the reliability of output confidence scores. This paper constructs a detection model
framework that integrates attention mechanisms, bidirectional multi-scale fusion, and system inference
optimization, providing a reference for the automated inspection of gun barrel inner surface. A limitation of
this approach is the increased model complexity, and further research is needed to achieve lightweight
deployment.

Key words: gun barrel defect detection; improved YOLO; convolutional block attention module; soft

non-maximum suppression; test-time augmentation
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G Z R FAEARFR , XML SO 5556007 A PSSO 44
Frog A, AakER 20 &a — D EaiRE. K
O N BE R B KR AR 2 81 1 LAY LB AL 23 Al
SRgE | RIESE AR

1 MR AR BB R oAl

Tab.1 Distribution of the gun barrel inner surface defect dataset

Bt A K LA #hh(Rusting) Ly (Thermal cracking) #h(Chipping) {2 h(Pitting) 15 2i(Dirt)
YIZRAE (80%) 1496 1370 1490 1010 4322

I ESE (10%) 187 171 186 126 540
ML (10%) 187 171 186 127 541

3.2.2 Wikbrg

1 TR S R, A L 8 S ) ke B i
B, G AR BT LR T B XA A P BE
a5 B RS 0 ) [ B I R 5 0, P 4 R TRV
(EPrRzS i s2 PR TR UR) 3/ &1 €/ R S PN €
i, P RO B 5 Oy vk AR LA AR R @
RS AR | MR A IR SRR 5 2 o0 bR
HAREA R, AE LA A2 3 J7 18 8 T K- BA%
e L EHAL | BEPLAGHL | (LRSI A SRR AT R
REAL BT TSt 1 RIS B X LG VR | A A
TE (8] 0 1 A 45 LA R e TR O S 4 5 [
WFSIA T B SR | Rt | ISO M | & T
ARG 2 2 TR AL

P4 Bl 7 5O B2 4]

Fig.4 Technical roadmap for data augmentation methods
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3.3 SHEE

i AP R RS 48— 0 640640, Il 2k R R
500 %8 o FEOUAL AR B E J7 I, SR HIREALES BE T [
(SGDOYF L, shi HF & k0. 9, BUEE =i R AL
R 5X10 4, 2 2 BRPH R A KR ORI, Y1 hR
HIE R 0. 05, Fe/IMEE R 5X 107, FFXARE I
R B R T M4 5 2 MR, SCIR RIS
b KN 2 2] AT sh A g, Ha k5 A=k

L= % ( batch size )’
nbs
rfs £ MR 2T5R Ir, PR ] R OAR
SCRE R 5X1070) 5 batch _size SRR
INCARSCE B0 16D 5 nbs S SEAERE B R/ N (RS0
h64),

(12>

3.4 EfhIERR

A S T RS B R (Precision) | A (1]
(RecalD) |, K583 A4 BRI F-F I 8FD | F
2585 B (mean Average Precision, mAP){E &
b et , BARBTHR A AN

S TR R AT R

B TP=|{i5.=1,y,=1} . (13)
@%E%:FP:‘{Z'@,:L%:O} . (14
L6 - TN:\my,:o,y;:o} . (15)
s l: FN=|{i15,=0,,=1}, (16)

S MLy N B SN IS N AW

P= P = P amn
TP+ FP Fifi g
R= P = P (18)
TP+ FN iy f9:45
XTSI ¢, R WA R

R HES , THEAE R R - R 2R
AP()=Po(£)-Ar(£), (19

s Py, (6) 505 &7 73 128 A AR (R B %
Pimem(r):maxp(f)o (20)

r=r

X T 225 BRI, mAP 3 AR N

1 &
mAP:E;AP(C), QD
itl:'j: Cﬁ%%ljll‘é\}é&o
3.5 KWERST

3.5.1  FET ML

SRARGEAS [RVRFAE 2 HCARAG) X H 765 PR BE 574 4G
MPERERISZ M, AAHSE R Gk HXT L T 2L Mobile-
NetV1, VGG16 F1 ResNet50 & & 1+ W 4% 4
YOLOv8n#i#Y & 2~ 4 43 BIE4n5 T 3 Fh
TSR AE S MR G i (AR o | il 15 0L 1R
D ERSEEIREE (AP) | F143%0, AR
K35, ResNetS0 LA R 258 22 25 S T
S LEE R, mAP A% 65.47%, B ELT
MobileNetV1 (44. 07 YA VGG16 (62.99%)

# 2 LT MobileNetV1 £ TR YOLOvS SALK MM BE
Tab. 2 Detection performance of the YOLOv8 model based on the
MobileNetV1 backbone network

T 251 AP Fl-score  HIIFR/% KR/ %
FrEL35'g 36.07 0.29 17.85 76.87
et 54.17 0.65 68.96 61.53
15 15, 46.04 0.46 32.65 75.29
=l 38.20 0.40 28.61 67.02
5k 45.86 0.46 34.15 71.90

mAP 44.07

#3 KT VGG16 =T MR YOLOVS SEI I VEAE
Tab.3 Detection performance of the YOLOv8 Model based on the
VGG16 backbone network

T2 51 AP Fl-score  HIIFR/% KR/ %
AL 62.53 0.63 54.82 75.43
H 69.85 0.76 75.36 76.00
5 A5, 63.60 0.67 56.12 82.09
(S 57.38 0.59 48.49 75.02
i 61.57 0.65 61.55 67.99

mAP 62.99

F 4 HT ResNets0 ET ML YOLOVS BURGIIMERE
Tab.4 Detection performance of the YOLOv8 model based on the
ResNet50 backbone network

T 2 ) AP Fl-score  BIIZE/% KR/ %
L 66.82 0.68 63.19 72.6
g 70.47 0.77 78.50 75.58
5 45 60.07 0.64 50.00 90.74
12k 62.94 0.64 53.40 80.26
L 67.04 0.68 65.42 71.81
mAP 65.47

Hi 2 2~ 5 B9 X5 b n] DLW o o & i,
ResNet50 75 4= TL IS BRI AN _E 32 PR1F T e g 2
P fe i i AP AR, JURAER RS Bl A phoax
ZHOCHEBRFE UG T 6500 B AP, LT
FOSRARHYRFAERAERE ST . VGG 16 B RIPERE Ry,
{EAE A FRAR Db ik AR L 2 il B I R AN . 4%
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T2 MobileNetV1 i F W 48 ¥R B2 5 RAERE 1 (1)
BRI, 7 T A Bk o6 28 1) b 4G 0 1 i 34t R e
R LAN R

SLI 25 R ResNet50 7E M5 PN 2% 1l 1 [
KA S5 e, EEIRFESE: D sk2EiE
ARG T RRBEIE R, PRIGE T B AN S AR
P, A F T 5 215 50T R8s SR R AR 0 2
2) A 45 #) (Bottleneck) - 17 AR 25 &5 51155
ROR, M T SERHE SRR B 3D IRIZ ML
R I AR IE R RE Ty, 1l A AR R 2
AR, 3T T XA AR HLIN B AT T
B Can sS ik 2480 R e

VGG16 2k HE LA FUZ HES 4540, TETREHY
Jnest gy s Bk e R 5 IR I A , MELL N A
s A RCHRE RO R B B A TR 2 AR R M R AE . I
Ah, HAeHRRESHER, PE IR &, (EX R
R B B3 25 AR

MobileNetV 1 5 TR B2 AT 73 25 45 Bk 52 L 4%
s, A TRER R FEE . AR
S MR 5 G B A 5 S i, A BR A RRAE Rk RE
IR T HERESR AU AT, S BOR RS B A AT
Hofth e HEAR A

ResNet50 FE {5 5% 22 1 1A SO Ik T IR IZ W 4%
() PE BE AR Ak m) B, HC AR AR 4R AR O W E T
VGG16 i FalidfE 5 4544 F1 MobileNet V1 B4 51k
Wit XA PN 2R IR 2 4% () S0 BT 5 1 ik
FAHEAE , ResNet50 76 4 FEACR SRR AF RAFRE 1 2
B A T S A S, PR etk S A o 9
K2
3.5.2  F T MLk

R FGE VA A SO i Y S SR e AL A
CBAM T & J1¥L# 5 CloU+Focal Loss i1 5% PRI
WA R, TEARIR B SESR PR T, X 3R 1
W24 o3 e AT TAAR, JFEELT TR SRS . Pk
J&i BIFET 3l T 45 Y OLOVSn A5 RIS I 1 g
SFECIE 5 RS

N SR B R P BB B, ResNet50 7 it
B (GRRLZ | il 35 L R0 0D R4
EHB AP, Bl HXZRE | 2 A6
B 4 3 3 07 fiE f7 . ResNet50 55 H U 2 W 2% 45
F, HE 8 T 47 b A B2 4 A S0 B AR A R E 28
ik, DA AE Jir A ke B 25 03] S 300 340 4 %) v s B
W 25 AP T UL AT S AR B 25 5 1k e
i

90
- %l .
82.57%)
80.85%) o
.
& .
gy /‘ 81 wq
;
X
=
-
<

60 ~@— MobileNetV1 (mAP:84.07%)|
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55
Thermal cracking ~ Chipping Dirt Pitting Rustting
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Fig.5 Optimized comparative performance chart of YOLOv8n
models with three different backbone networks
F 5 3FETMERALHTE PEREXS L
Tab.5 Performance comparison of three backbone networks

before and after optimization

i mAP@05  mAP@OS5 .

BB eman/v (i) v OB/ B
MobileNetV1 44.07 58.50 14.43
VGG16 62.99 76.20 13.21
ResNet50 65.47 85.00 19.53

XFEEEE R R, 3L mAP@O. 535 HR5353
SEEL T AR, o, B MobileNetV1 27t
14. 43 53 1., PR E VGG16 #2871 13. 21 F 43 A,
11 5 %2 1Y ResNet50 $2 T B e h 28 1, 1k 3]
19. 53 5o X —BREE X TR i b3
ORI 078 R 5 T 4% [ R E AR R
SEIEAHSC . FEA T RR BSR4, BRAEAS T 4T 1
FIF B AL 5 SOtk A4 2k eR BRI R DA A
B, NTRIG R PERERG 25 . LR Es R, A
WFFE T4 Hh P SCE SR (2 i CBAM I & HLI 5
PEALR I BRESO X420 F2 T I M RE 2 HL A I 3 42
TR, FE4r IR 1 el O B R A RO S
AHFSEHE T PR YOLOVS-RS0CBAM HPERE I
K6 FITR o
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Fig. 6 Performance curves of the YOLOvS-R50CBAM model

W FE BT 28], YOLOVS-R50CBAM £
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F1-Score & I ZR5E vk B FF, BARTE 300 8
YRR 30 % B, fHS S Dok B AR 5 K
TR ALK H 5 4 BRI, RWIBIRILE
PR R R B8 T 9 ] Bsf I A AP A RS . S8
K B2 (mAP) 26 A O FF AR PR 42 T, e sl T
85. 0% BHUT , BRAIE 1 A5 7Y B84 i REAE B BURE 71 AN
YIZRRME AT RN . SEEREE IR R GEUE T iz il
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Fig. 7 Visualization results of the YOLOv8-R50CBAM detection

model

3.5.3 ML
AHFFE R Y OLOVS-R50CBAM A5 75 % FH1iH4 fi
IRIE R BHIE CBAM AR ER | 8tk () PANet, CloU i
K PR . Focal Loss 732845 2 7RSS P RE S5 45U
WU 3 R g 45 R a3k 6 Fios .
# 6 THATEETRX

Tab. 6 Ablation study comparative results

R50 MV1 VGG16 CBAM PANet+ CloU FL mAP/%

N 84.02
83.94
84.41
84.23
82.99
84.07
85.00

T FRIR TRAAIEI (D 525 OO RIS BRI mAP
fH ; R50=ResNet50, MV1=MobileNetV1, FL=Focal Loss,
PANet+=pi# PaNet.

SLuG AR R R ResNet50 3=+ M 28 il &
M i PaNet ¢ 1 4 7 85 . CBAM i & S AL
CloU $ii 2k BR AR Focal Loss 232541 26 iy 5¢ 54 i &
T EBUS T A TERE , mAPIAF]85. 0%, Bk T
S 2 P IR0k 0 A ot o AR AR T R ME D
(ResNet50+ i #f PaNet 45 # +CBAM—+CloU+
Focal Loss) , #B% Bk PaNet 2544 {# mAP FRAK T

LOX X L&

X L X X X X X
X X LX X X X
L L4 L4 X &
Lodd 44X
Lol L4l X L4
L4 LXK L
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PLHIFEE 2415 = TN R IR e B 3. AT &
+ W2 (5 L SE G S, AHER T MobileNetV1 il
VGG16, ResNet50 i mAP 23 3142 7+ 1 0. 93 1 43
RURN 2. 01 B 40 o5, PRB T URJ2 5% 25 X 45 6 R i 42
HCT5 1D A D0 B o A0 2 o BRI S e i — 2P 3R
B, CloU fit R A3 T1E 48 loU ik #2717 0. 59 &
53 1., Focal Loss M T AR A U 2T T
0. 77 H 4y s, Sk 1 e 2k R E7E 10 FHAE [R1 15
AN A ] AL B A i . L, 454
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e .

4 & it
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TR 344 5 SR W B T R R L R A B R
VHE A T 43 B T . Y b R 454 CloU 5
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SISy 7]

TEH A T B 0 8l % |, YOLOvS-
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