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Abstract

Concrete cracks are critical indicators for evaluating structural safety. However, traditional manual
detection methods suffer from problems such as low efficiency and strong subjectivity. This study
aims to address the insufficient sensitivity to small cracks in the YOLOv8n-based crack detection
model. The YOLOv8n model is specifically improved by introducing an attention mechanism, opti-
mizing the multi-scale feature fusion network, and modifying the loss function. Ablation experi-
ments show that the proposed improved model, YOLOv8n-BiFPN-CA-FocalLoss, achieves a 11.89%
increase in mAP50 compared with the baseline model, while recall and precision are improved by
11.78% and 12.68%, respectively. Meanwhile, it maintains a real-time inference speed 0f 95.14 FPS.
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The synergistic effect of each module effectively enhances the performance of concrete crack detec-
tion.
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Figure 1. Diagram of model architecture improvement
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Figure 2. Two-stage integrated process flowchart
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Figure 3. Evolution process diagram of BiFPN
3. BiFPN SR T 72

BTV 2458 /N H bR, XL BIFPN HRE Al A 2 3547 38 e 1 kit -

1) FHERGAE R BIFPN 2% E 8 4En] = N ESH(WIME S 1), #id ReLU % L)
RREARTME, WESHS 5 E T N (Top-Down) M H JE A (Bottom-Up) XU 4F LR & 1H4E, il 4
YA E XN Top-Down Bl &I B, J5 4 4EAE XM Bottom-Up Rt & i B, fb & id fE b 5] A /M e =107
WG BENE, ORBESUE v 5 RS E

2) HETT G B BEXTNREERFE FRAE R LR, R 53 J2 40 HE g ——Top-Down Fl& Y
B AR B Baln 48481 (mode = 'nearest’) LRIE /N H bR BAE S, Bottom-Up @A B B R FH W 26 M 4 {5 (mode =
‘bilinear’) AR A /N GERFIE MG R BRI, FRAERRA A 0 T s

w, - P4+w, - Interpolate(PS, size = P4.shape[2:], mode = 'nearest )

P4, =
Wy + W, +¢€

W, -PA+wg P4y +wg - Interpolate (P3,, ,size = P4.shape[2:], mode = 'bilinear’)

out —

P4

W, + W + W, +e€

DOI: 10.12677/csa.2026.165178 226 TFEARY 5N H


https://doi.org/10.12677/csa.2026.165178

3.2.3. BiIFPN-CA Rl & 13k

N T ARUERER ) A M S AR S RO RE E E, ASHIF TR R NS T3 SR A B 5 B TR T [ AL 3
WAE” 177 AR BiFPN + CoordAttention fiidft, {rF )45 YOLOvSN [#) Backbone 5 Head 4544, H kst
fljl!:

PR R 46 YOLOVSN (] Backbone £544), 56 B4 AT I AT ) A% #& AR LASR I 22 R HFAE(P3/P4/P5), ANk
A SR RS AR RS 4R, WA 22 R R A = R B

H & X BiFPN + CoordAttention i8R il A& R ek 4, 8T 1 x 1 BRAG —FHEEELERE . Walfl G
SEBG I SRARAE FIE, WRIRRLE N 5 Backbone #iiH! . bl 5 Head i\ (OZEE 58 432

ALV RARTT AL R 7 7% 7E1R B Backbone 83 HAT BB AEA F, -\ BiFPN + CoordAttention
B R E R A RS, B ARG Neck |2 IRFIE AL LB, SEIURAEIE SRS HL 1 SR A

R EA 545 YOLOVSN ) Head £5#4, 1UERCIEHIEL(ne = 1) AVCFC R G4AG AT 55, B (AR I Skt i 45
FRAREAE AT LE 5 P12 SRR ] )5 5 2831 T

R P TTE, FE R IMEAS SO R JF IR 25 8 (SO EE AT R AR PR E , AN BN Z) AT T, SOy
TERG SRS R A, BEARIE T B2 (0 B AL RR MR (O N> B S ), SHERE T I 2RI 72 1 A e 1
BiFPN-CA 5yt <] 4 .

BINSIE
(P3/P4/P5)

EEs— RIECA Top-Downgt&

EEHRFAE < BECA < BTN Bottom-Upgt&

Figure 4. Structure of BiFPN-CA
4. BiFPN-CA £

3.3. Focalloss £ B9¥5 5k B #ig it

R BRBUR R SR ZR 0, JRUE YOLOVSN KA v8DetectionLoss 1F A K ph %, FHAr284i %
FAAESURAR S, TEVREE TR I ) IE FREARA PN, 55 SEA w8 59800, R4 2
fme NG, AHEFLSI N Focalloss B #fk 4t XM o254k, #4%E H € LI CrackDetectionLoss #5125 BF £«

Focal Loss 4% 0 AR 2 B2 A BEAS [ REA R A L [17]. H AR RIE W T

FL(p,)=-e (1-p,) log(p,)

Hrp, BZH0S 0T

P : RN REA S A RO, FX IERREARAAREE L W TIEFEAR, p=p (pA
BT ZAE A8 T 24O A, BUETERIN(0,1)): X T HFEAR(E R, p =1-p,, 1-p, JEAITH
MZFEAA B T REESAN IR .

o, PHTRS, BT P67 E AR A AU 2 5 (R EAST /D T BREA) . AR o = 0.25 Xt IEFE
AN (FE4%) W T S KB BRRAUEL, X SUREA (5 50) T /NI, SR AR AE AS B AN T4 7 R B 520

v AR RBCRES ), M IREE PR S WA SURBGE, ATy =2.0 , HAF L]
A AREAA T AR (I E AR T L), p BEIL 1o BRI (1—p, ) $20E 0, EAEA A AL 4 K
BEAR, b HAPRR IR T3 UREA g R MR A B (MR 2848),  p B 0, (1-p,) 6L 1,
PR NI E G e R OR T, B AR R B 2 S ISR T (A

DOI: 10.12677/csa.2026.165178 227 TFEARY 5N H


https://doi.org/10.12677/csa.2026.165178

WIEIN a5y HiANS%, Focal Loss f 54 SR MR EE T ZLSE R IIAT 55 Hp IE SR AR P AT
SRR B ), SRR LB AR DR BE 7T, PRIRIRAT 2 . AW 0K YOLOV Ji 46 58 S 7
KR BN EIR Focal Loss, FFEEAE]H 2 X CrackDetectionLoss i 2kt , R8T R4 K CloU
JIHES: A DFL (Distribution Focal Loss) 7 i 2k, ARIEZEEHE [A] VT (RS

3.4. NEZRRIEHEIL

fR-F8 SGD Ak #8, K HIan% > 2% M 0.005 442 0.003 (T Focal Loss VIl %%, #EGuEd), B IERAR
F¥ 0.0005 475

TR AT ST AR : iU TR AU (box) BEE N 7.5, 0 KA KALE (cls) M 0.5 T+ 1.0 (55 1L
Focal Loss Xf £4& 5y 1) 21), 3 A 1 AL (dfl) TR 1.5 A%

li] 5 AL T (seed = 42), 4] cudnn.benchmark (¥4 False), 7EARIEIZRgs Boe 4] ORI T,
YRR ALY SRR e

4. LSRN
4.1, LW IRESIFE

41.1. BIEE

ARSI R H R 5 U5 6 A TT TR BE 2GR AL YOLO L HIBRAR18], il g6 I [n) TAEA 5t
0 FIARE RIS, & TR . MRS A5 B RAERINE S5 . JRIG B AR B 7 5964 5k
5EH YOLO e A FHEARE T EIR, ZREESLHIEH0N 16,865, ToTli IR iESE Sl lE, ATIRYE LR
DN P el oy w42 7:2:1 1 LI SRR Bt it AT BE ALK 70 A& AT B 25 4R 4332 5K B0 iESE 1143
k. MAAE 489 7K, A KRSt — %y 640 x 640 73 AR LG RO AL A A 25K

4.1.2. EWIFH
fififf: NVIDIA GeForce RTX 4060Ti GPU. 12th Gen Intel (R) Core (TM) i5-12600KF (3.70 GHz) CPU.
32 GB W47
A% Python 3.10.19. PyTorch 2.4.1. Ultralytics 8.3.241. CUDA 11.8.
42 LWGHE
Xif ELBRL: JF4 YOLOv8N. YOLOV8N-BiFPN. YOLOV8n-BiFPN-CA. YOLOV8n-BiFPN-CA-FocalLoss.
WA EER: MAPS0 (IoU = 0.5 I FPIRE ). 7410 % (Recall) K% % (Precision). FPS (REFVIi%).
WZZ%: epochs = 200, batch_size = 16, % A1 640 x 640, H A S 3 HCFIIMAE .

4.3. ERERS S
ONBEAIE S PR SR A TR, ATV RS, AR IR 1R
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YOLOV8n-BiFPN-CA 0.7843 0.7232 0.7587 109.99
YOLOV8n-BiFPN-CA-FocalLoss 0.8364 0.7696 0.8384 95.14
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