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Abstract ; Aiming at the problem of limited recognition accuracy caused by the loss of shallow features in the detection of micro cracks on
plate heat exchanger surfaces, this paper proposes a detection method based on a lightweight dense convolutional network ( DenseNet)
architecture. As a single-category, multi-scale distributed cluster of linear small objects, the core challenge of microcrack detection lies
in the effective learning and preservation of spatial detail features. The main contributions are as follows: First, a theoretical model
matching the receptive field to defect size is established, with mathematical formulas derived for hierarchical configuration, followed by
model instantiation based on the characteristics of corrugated plate defects in real industrial scenarios. Second, a detail enhancement
mechanism is designed, which preserves critical spatial features by disabling downsampling operations and progressively expands the
receptive field through stacked 3 X3 small convolutional kernels, effectively balancing feature resolution and semantic abstraction.
Finally, a defect instance-level evaluation strategy is constructed to meet the national standard requirements, which focus on the "
existence detection" of microcracks rather than size measurement. Experimental results on the Shenyang University of Technology

Benchmark 1(SUT-B1) dataset show that the proposed method achieves an average precision of 94.69% and an F1-score of 92. 60% ,
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with only 3 missed detections and 5 false detections. lts performance not only surpasses that of baseline and mainstream lightweight

models, which achieve namely, 94.53% AP and 87. 85% F1-score—demonstrating the advantage of the DenseNet structure in feature

reuse, but also exceeds the best performance in comparative experiments (94.56% AP and 90.90% F1-score), confirming both the

advantage of DenseNet-based feature reuse and the necessity of the structural optimization strategy. The proposed approach demonstrates

practicality and scalability in the field of industrial inspection, offering a new technical direction for similar fine defect recognition tasks.

The related code is publicly available at: https://github. com/zhuanzhaun/Lightweight-DenseNet.

Keywords : plate heat exchanger plate; micro cracks detection; small object detection; DenseNet lightweight
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0, Foft
(11)
R B SR PTAL SR S SRR AN L 1 R
ik 1. BRBE LB BT h R A KRS
1) WASECHINELES B = [b,,b,,,b,1 .
BIHEEAREE s, > 5, > - > 5,
CTHESRS G = {g,,8,, 8.}
BREESEHISES D = | DDy, D} .
(D, = |g € G| defect_id(g) = k]).
LI HLBE Threshold ;
2) WAk BN RANER KB PLIoTER R 0;
3) QB HIEGIFRCHIE TP Liss = [0] xp
IEGIBRICHIFE FP_list = [0] xp
B VCHE LB matched = ¢
3) For j=1 to P;
4) fRE5E .
C = ldefeci_id(g) | g € G,loU(b;,g) = Threshold}
5) HRLE:
V = C\maiched
6) HvV+#0.
) B IoU( 6))
8) TP_list[j] = 1
9) matched =matched U { k™ | ;
10) Else .
11) If JoU(b,g) =0 for all ge G:
12) FP_list[j] = 1
13) end if
14) end if
15) end for

16) IHHAER:

H46t
TP = | maiched |
FP = sum(FP_list)
FN =N-TP
R = TP/N

P = TP/(TP + FP)
F1 =2x(PxR)/(P+R)

i _
AP = j p_interp(r)dr,P_interp(r) =maxp(r)
0 r>r

Horp B IE 4 (true positive, TP) 28 7~ 32 A& i H >k
AR A KL I IE 48] (false positive, FP) 2878 TR K6 >k A9
BRBEEL, FRZ MR HL; 1R 44 6] (false negative, FN) 3R 7R
VAR R ke R BR KR, BV IR, VRN SRR .
A3 (recall ,R) FEHf2( precision, P) RS B ( average
precision , AP) Fl F1 5344 ( Fl-score , F1) ,

T2 KM SR FH SI2 197) £ i — DG it S D), 42 900 15 o
JF Bl A B KRR A TOIIAE | A i/ DT E oA 43 79 255
B3 S 81 ( [R)— S48 P9 B A ToU 41 ) |, DG K 1l 2 A S 451 57
BIpRie o e o s R ORIESE BN 29 E R BOE ], 2 4
TEAAFN G SRy s ) AN e 4 2 o 28 1) T DU AR 45 3 A {1 G A
AL ) 38 ek XS 22 i A (S5 49 T 32 e P S 431, 407 PN 3 e
DB GT HE ) B D s 8] 5 (A B2 [v) B 7™ 6 38 < A Bk 5
AR BRLUR DT, DARIAS 1 it A2 ] ¢ I SR AR ) 1) e s | I
AN ST G B FARAR PR . AR Ao v S AR AL X ik 7
SRR fiE
3.4 KNER

ARWFFERT 53 bl 5249 5 300 5K T Bl 52 0] 3R AT
M, PEARSE R BoR 53 Ab bk B S rp R I HY 50 4k
Bi TP =50;1%46 5 4], ) FP=5, 4% 3 ] Bl FN=3, 3
T ERSHE R=94.34% ,P=90.01% ,AP = 94. 69% ,
F1=92.60%

AR FLLR AR B2 A DenseNet £ AR {&
DA SCAEAL G L SE 56 B A5 3 B P A, W3R 2 BT
HH Dense |24 Block AR &, i3 .3 .47 £x 3 4
Block 5350 E 3/3/4 |2« FREE 1727 $8 1L I8 2 TR
FERA, “F7 FRoR PR REE, “ T Ron I T R B
Bt ETMEEBUZR T, an“3x3” R 3x3 B ;3T
WriebRRH R P AP F1;“—" 155 KR -4 5 1R BN
W,

DenseNet-22 FAGMZ5 R AN 11 s, KB 11(a)
B A —ABE SE B R S B 11 (b) AR T R X
SEBIE IR, = I RN R R, B 11 (e) A 34
BRI EE, B 11(d) AR R T 3 AbBifg 52l
HOA 2 ARSI ke | BRI s i Ak S5 TR
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Table 2 Detection results of different networks
EES Dense J2 TORAE 172 BRI R/% P/% AP/% F1/%
DenseNet-22 334 F/F 3x3 94. 34 90.91 94. 69 92. 60
ResNet-50 — — — 79. 25 89.36 78.93 84. 00
EfficientNet-BO — — — 75.47 97. 56 75. 05 85. 11
ShuffleNetV2 — — — 45.28 100. 00 45.54 62.34
YOLOv8-nano — — — 88. 68 87.04 88.02 87.85
EfficientDet-LiteO — — — 94. 34 80. 65 90. 16 87. 06
NanoDet-Plus-m-320 — — — 37.74 100. 00 38.54 54.76
k[ 19] 333 4x4x1/NAN — 92.45 76. 56 91.45 83.76
SCHik[21] 2472 3x3x1/2x2X2 — 96. 23 69. 86 94. 53 80. 95
DenseNet-121 6.12.24 16 — — 81.13 87.76 81. 06 84.31
DenseNet-169 6.12.32 32 — — 90. 57 76.19 88. 54 82.76
DenseNet-22 — T/F — 94. 34 78.12 92. 50 85. 47
DenseNet-22 — F/T — 96. 23 56. 04 92. 45 70. 83
DenseNet-22 — T/T — 93.72 72. 86 93.27 82.93
DenseNet-22 — — 5%5 93.31 74. 63 93.31 83.33
DenseNet-22 — — Tx7 96. 23 69. 86 94. 56 80.95

(a) BRBE X IR

(a) Defect areas

(OEFIEES
(b) Prediction result

(d) B
(d) Prediction result

(c) BRI XI5

(¢) Defect areas

11 R S R il 245

Fig. 11  Defect examples and prediction results

3.5 1 i

AT S e o b S It R e B R 7E G 3 SR AT
55 R PEREI AT, B W] T E £ DenseNet /24 321 M 4%
P, BV B2 % He AL T AT R0 ke 1 VR 2 R AE & 2R )
A Wl 5 R A /N B bR R DN AR B R A
DenseNet ZE K 14 € 1 X L, #8578 T 45 24 45 44 3% . £k Xt
THCR BRI AT: 55 14 BE 19 52 | I8 IE 1 45 44 Dt 1k i b 22

PE. RS RGN SRS, E W UE T TR
HYTCT RAE 3x3 B HALTEOR B 25 [ 4097 42 FHRE &V
Wrds by T ERT, IR 82 % RIS B R4t TR 3
5 RASERL T T M BE ) 5 Iz Y DT E 5 VR Y 22 5
AR AT T IRE

1) A1 DenseNet 157 3T M 4%

TR 2 = ,Zfiﬁﬂ:%%ﬁﬁ DenseNet-22 {E A Faster R-
CNN [ TR 2% | i 1215 B i 5, S8 2 RUBE ¢
fERS T BABINRGTRAE R B . eI M 28 A0 L T
RTEZ REFRIE Al 1Y 2 T 48 7E SUT-B1 £l
AL A R, i T BR 25 P 4% ( Residual Network-50,
ResNet-50) . B M 45-BO ( Efficient Network-BO, EfficientNet-
BO) . iE Y& ™ 2% WX &K 2 ( Shuffle Network version 2,
ShuffleNetV2 ) 1 K I /9 2t 1 3 1 R 455 55

ResNet-50 H/N AL RE S 4055 , T R 4% 22 14 4
ZWERIZANTT | IR A2 BT 483x483 RsF it K, 7EHK
Hu e b o R EZ BT S L ATUARE SUE R, TR
/NERRREIES T R BORA

EfficientNet-BO H i 2 R AR A [0l 5 %0 Ji
V525 AR HOR WG R 25 [8] 3 WA TR . TR SR
55 b R BETT 43 B BV 10 TE A 0 T BOR R R IE R 2R
/N EBRTERERAE R AR TP R RS, 5 1R IS

ShuffleNetV2 FHARK 7 7] 3 5 38 3 18 & HIL il B 45
fEZESE , I8 IR 40 5 200 e 22k . TR
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a6t

o e 2 SR A L PR T A 085 A 2 A RN 2L 5
R

PRI , DenseNet-22 A {25 )22 % B2 1 432 S B A0V 2
TS AL, L2 ROBERFAERRG R A9 30N BRI O) BE e )
DT XF LA A HLHLEE T ResNet-50 1) 33 KR 52 BF |
EfficientNet-BO (1% [&] He 44 | ShuffleNetV2 )i 18 #) ¢ &
HBUN AR IEA AT 2 A I 4 (AR AE R

2) S/ HEREERLX L

PRI AR R Bl 2 1 o) i g i i ke B R )
FHBL A T i LU, A T PPAS 4 07 ik Ak fig , A BiF
ST 2% PO R : (1) JT4F ok Tl B¢ 32 3 0
Ak B BRAG I R 28 4075 YOLOv8-nano | EfficientDet-Lite 5
NanoDet-Plus, 75 5 1F & i) &, EfficientDet-Lite %8 %] i i3
S AT AN TR] R/ R | AR S8 R ] e e i A 1Y
LiteO #5754 ; NanoDet-Plus 28 51| AR 5 i A 43 HF  Fn A5 71
Vi B R BCA A N R R AR S ok R R e
NanoDet-Plus-m-320 5 5 ; (2) SCHEkR A A R 288 54k /N H
PRGNSR I SCER[ 19,21 ] B 78 BB A B 95 5 1A 7 5%
AR R PR E AL,

YOLOv8-nano FEH Z2 Y0 SR AL (1) R P T B0R8 40 )
ST i B R AR B A B > 31 B i e IR A, R B &
88. 68% ,

EfficientDet-LiteO 55 58 1 5 F] 5 ) 4 BN Bs 11 fe
S — 230 B R A TR E R R ) (B EEA Y
7> Block 29 3 BURAZ B IZ K, 51 A TUA MR P 32 3 1
K, P A% K 80. 65%

NanoDet-Plus-m-320 #& & 1 & + W % 2
ShuffleNetV2 , Ak 14 25 1 18 18 1 P AL i B A, HLASE Y
94 B W RRIE SRR 29 T 2 REEFHERL G 58 ), S 2080k
AEE,H F1 R 54.76%

SCHR[ 19 ] Y IRKG IR T 4x4 RSP T R bE, 76 B
R |3 J2 25 L HE B i I B S8 8 A )RR AIE (R SRAE I
WS SRS REURKIS £

SCHR[ 21 ] He e 43 ] 55 vy 1 G S HE R SR A AR
P T I A7 A ) S5 S 57 47 A1 1) 32 2, S 0B o AR A1 A
WALZ i e E ORI I

R LR 7 AR B ARG e T AR 114 25 A
BB BIIESR R WEE TR HEAE P, R EOR A R AR T, M
Tl Mg P D e AR AU 3 B

AT VAR T TR o A R T T R A A
B R P SR RS B S B AR h T R A R M 28 2540 2
B, R Tl /s BRI B2 AL ) 52 B, T A R B A5 4 B3 T
SER TR AR AL h e 4 B RAAE 2R (R

3) 5 DenseNet FRUAEFEHAINT

1 DenseNet-121/169 FbRIEG)ZBA B HA K2
T A R Y IO 4% )2 R 5 BURFAIE 181 A A2 328 2o A% v AN ] 3

M F A ZS [ A0  HUAIE Block TREE ALY M 36 2
FIEE 10 A1 1L ATXT B TR RITR B T M 45 R, A
AP 5 F1 B3R & 38 %5 4> ¥1, DenseNet-22 HY AP {H ik
94.69% , ¥ = T M %% DenseNet-169 14 88.54% #2 T
6. 15% ; DenseNet-22 B F1 {H ik 92.60% , % & + M 4%
DenseNet-121 [1) 84. 31% $2F+ 8.29% , 1L, Block TRIE
JEDRE BN B ARG U BE A R =2 —

4) TR R

FE/N BERRINAE 55 b, B T B AR RO 8/ BAR R 2L
AR, 2GR SRS 5, TR
2 EAERHE R 3R BT ES, NIEW DenseNet-
22 KR RAERIE X, 2 2 AUSE 12~ 14 FTXF T M 4%
TRAEBCE W, AP 5 F1 BIRES 85007, T T %
FERC B (F/F) B9 AP {Hi5 94.69% , B c & (T/T) #)
93.27% & F+ 1. 42% , To N RAEFECE M F1 35 92. 60% , 5%
Bt & (T/F) i) 85. 47% 48T 7. 13% , Al UL J2BR R R kLAl
EGRRIE B 3 B i O, O B S Tl 40y, SR THIR A VA
Ei=L 7

5) BRE RS XT

WL 3x3 BRUZ, M BETE IR B = o BF
RAG B RIBZ A KIRAZ B 5 )2 RA SR B a1, 1
s XF /N HARPOHERE 1. 2 2 M5 15 16 11X L TR
) 2 B RS I R IR, AP 5 FL IR A 38 5 5
Br,3x3 HBRULBLE M AP {EA 94. 69% , L& (7x7)
B 94.56% ¥ FH 0. 13% . 3x3 BRI F 0 F1 ik
92.60% 3B E (5%5) 1Y 83.33% 427+ 9.27% . Frl,
Ak R 3x3 BRI AT B, ol 42
FRIERL G S Z B e 5401 R B8 i e IRl It 1k, &
B FHITHE A TF M 845 .

6) IRAS 514G i

SEAGI ARSI 25 A TS S5 IR AETE

TR KIS F2 B A P TR ) (W RRAE SR B T SR R 2k
WA B, BEIEME BAE R 5t X 3l rp R RR A7 AR, (EL I B A SR
TR RRAIE 5 AR AR 25 4 A7 A DI T 7 5 A 248 X b 56
ek, BERIAEIR B BeitE A T SE AR I B A5 ] A R R
WESEBARMIEZR,, I, 7F Faster R-CNN Fi A2 A7 A% X 15
PRI 2 B B i, B DX A5 AT LA LR R R AE
T s DX, T O AR T IR, e 208 i K

TEAT T RAG R 00 i R, S A e [l o A5 0 R A7
B AT 2 B LR K B 43 A R A, A R T B0 S i
T ZL— 4L HA Jr SRR S AR A A RE R R
I AR TR A o ) B — 3 /0 550 5 3090 0 HE T 7k 44 ol A 2K
BRY R S B3], 3k 7 RS AR 7 DI a2 Hp oK BB 70 40 2 418 Gl
B S BI BT A5 B 1) i 2k MR A R AE , R ECK AT B
SOPRAFAEARER = Ty 1) 3% 2 1 A i DXl 15 10 S A e
B , S e AR XS ) 32 S M RRIE () 2 2T R
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7) LT HREEF1 50 #T

R YGUFR R AR A 2= T 00 R i Fe e o, 78 SUT-B1 i
SEMEERE B R T 301 B AR AR T 4 R
Yo 4 |, I 5 JEL AR M 45 SR R A5 %) e, B A7 T3 3 5%
FHAH TR) A B AR AT T B VTA SR, RS SR an 3k 3 B,
H—FH R R R R e R, R R I s R G
SO AL P RRAR , 28 BRI X 6 BB AR fb HLA 18 B e 5 4%
M5 15 4 FEAP TR, S W 9 P4 X 2R ol /N4
SO AR, FEIRA TR IR A T B Pl S
83.49% H R ANAEFRTE 81. 13% . %45 HLAIF 5C T A S
PETC T RAE LA 5 /NG B HE S SR IS A2 PR B3 25 Rl 4015
B AR A TR B R i, (H AR R 5 Y
PRGN AL, UE A HE L TR (G b

x3 mTHENRUER

Table 3 Results of anti-interference ability test

(%)

WL R P AP F1
JE RIS 94. 34 90.91 94. 69 92. 60
+ i TR 88. 68 85. 45 86. 59 87.03
+GHE) 94. 34 87.72 93. 54 90. 90
RN TS 84.91 91. 84 82.55 88.24
+HES TR 81.13 86. 00 79. 68 83. 49

8) JEkAZ T VT B AR A (1) 2 S AR AR B iE

SR Sk AR ST B SRR A7 T D AR RN ) AR | R A
XF LT IR Y [ A Nk, A5 RNk 4 R, ASPP
I 25 SRR Y KIEAZ B H 7 pixels WSS AR R AR
B b b A B, BN B AR R B2 84.91% ; RFB £
FUBE 3 SRR Rl G 77 | & 24805 AR S0 38 1) 152 DG BK 325 ik
TR R I P ALK 59. 46% ; DRConv I B S AL E 2%
TR 53 D EFEREA I/ IMEAR S 5™ B LG T SR
FERA A RRAE . AT LIRS B VC L 5 v, ARSI
Z AR A T W R GE B A T AR R E S
8, XA TER 0 S vk Bl TR REEQA 5 3x3 &
BUES , X B T2 IR E RV 2 R A, SCIFRF AR,

®4 BEFRENFEENKE LAMERERTL

Table 4 Performance comparison of receptive field

adaptive methods on test set (%)

[ORIIDIRzS R P AP F1
A7k 94. 34 90.91 94. 69 92. 60
ASPP 84.91 88. 24 82.17 86. 53
RFB 83.02 59. 46 79. 66 69. 31
DRConv 90. 57 69. 57 88. 62 78.79

BB A 2 TR TR B A DN v 2 A A i B
AR, BT — MR TR 54k DenseNet 4514 (K5
MBTE . ZITEEAL T SR B R 5 2 S8 5E B
RIFAGAY 3o J2 e B A Al 1/ B AR U0 g
TR 25 A SRR R R T S BGHAT SE Ak, (o
S WA SO SRR, DT TG I 1 fE 52 36 45
R, IR TIATE SUT-B1 s H3RAS T 00 F Ehixd
FORERIROPERE . 5 BN, AR 5 0l i 454 5 S 800 T
B, ARG 5 1 U NERBE ORI RE T, S Tl B A6
ML TR %
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