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Wood Log End Recognition Model Design Based on Improved YOLO11

ZHANG Xiaobo, ZENG Zirong", LIAO Caixia

(School of Automotive Mechanics and Electronics, Jiangxi Environmental Engineering Vocational College, Ganzhou 341000, China)

Abstract: Natural wood end surfaces exhibit irregular textures and defect features, making end surface recognition and
localization a challenging problem. To enhance detection accuracy while reducing model parameters and improving com-
putational efficiency for mobile deployment, this study proposes an improved end-to-end deep learning model tailored for
log detection by enhancing the YOLO11 architecture. Firstly, the PP-LCNet backbone is adopted to replace the original
YOLO11 backbone, effectively reducing the number of parameters, expanding the receptive field, and improving large
target detection precision. Secondly, a parameter-free attention mechanism, SimAM, is integrated into the neck network
to adaptively emphasize critical features and suppress redundant information, thereby enhancing small target recognition
capabilities. Finally, the normalized Wasserstein distance (NWD) loss function is introduced, which is more suitable
for measuring similarity between extremely small targets, further improves the accuracy and precision of wood end sur-
face identification. Experimental results demonstrate that the improved model achieves higher end surface recognition ac-
curacy compared to the baseline model, the improved model improves 2. 65% and 5. 29% on the mAP@0Q. 5 and mAP@
0. 95 metrics, and FLOPs are decreased by 15. 15%. It has good application value in the field of log volume measurement.
Keywords: Log timber; end-surface recognition; deep learning; YOLO enhancement; object detection
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lightweight CPU convolutional neural network , PP~-LCNet)
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Model mAP@0.5 mAP@0.95 Precision Recall Wsz GFlops
baseline model (YOLO1ln) 90.56 70.35 90.11 82.74 ©.23 6.6
PP-LCNet 91.14 72.16 91.23 83.15 4.76 5.6
simAM 92.69 74.00 92.35 85.70 578 6.6
NWD 92.55 73.90 91.33 85.29 5.23 6.6
PP-LCNet+simAM 92.94 75.47 92.79 86.21 4.76 5.6
PP-LCNet+simAM+NWD 93.21 75.64 92.59 86.98 4.76 5.6
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% 2 A, B0 B PP-LCNet 54t = F W 4%
f5 , mAP@O. 5 #2F} 0. 58% , mAP@0. 95 #2 7} 1. 81%, k5
TSR 1. 12%, BRIRSEF 0. 41% , AL SHUE R
F%8.99% 1% s BAU R 15. 15% . FFMESE iy
FEHERERENE 2 E AT R RS2
FRAG T A1 A, [A) A A 1 Rt BAS AN EE RO EE 7o
BN A SimAM 5, mAP@O. 5 $2Ff 2. 13% , mAP@
0.95 & 7+ 3. 65%, 15 i F& £ FF 2. 24% , 3 [ R 2 T
2. 96% , RN SimAM N TESTERE I, Fr ASECE %
BN ZAEH TR R T T3, (R M5
A B B AT K AR kA .
ffi F§ NWD % X CIOU #2 2% , mAP@O. 5 £2 Ff 1. 99%,
mAP@0. 95§71 3. 55% AEHEHE 1. 22% , B[R 24
Tt 2. 55% , A 3 BT /N B ARG AE 71555 B 7]
SRR R AR B3

1£ % DI HEL & Bt A, [H I A PP-LCNet+

SimAM R 5 , mAP@O. 5 2 7} 2. 38% , mAP@O. 95 2
FF5.12% K5 SR TF 2. 68%, BRI RIEF 3. 47% , 3
X 2 R AT DAY A A, it SR A, s
BESERR T 45 A T o [A IS R PP-LCNet+SimAM+
NWD R B 5, mAP@O. 5 #2FF 2. 65% , mAP@O. 95
2T 5. 29% , KE T FE TR T 2. 48% , 3 [ R 2T 4. 24%,
FHECAE A NWD H3% 1G22 77 G A T B¢ . mAP@
0. 5\mAP@O. 95 F13 [0] R &R BH T2 F- , uEH MG
AR, 25 BilEe a5 1, R R 3 Fei otk ik ge
HOFRMIMERE  FF S R B, TR ARM /N B bR
RSS2 E R

P 11 AN, S B AR AR PSSR AL YOLO 1 In
HABEREOER , S MIZGRIR T B ERA
fa TR, 156G IR IR S BB L, SRR RO 5
TERY B e RE IE T A T AR
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Fig. 11 Model training curves comparison

3.4 FEAXtiLE

NIGAETE S 1 T IR SimAM £ AR B o (11
A, 7E YOLO 1 1n 2% RAHE A B R IR S I
B CBAM., 7 20 % RUEE T 7 /1 R B (Efficient multi-
scale attention, EMA ) | A ZFFE K AZF 18 1 H (Deform-
able large kernel attention module , DLKA ) KB & @&k iE

18 7 = 7R B (Mixed local channel attention module,
MLCA) R iX 4 Ffrs WER IHLH] 5 SimAM #4753 L
e, ISR AR 3,

FH7 3 A] AT, CBAM i T 8 ki s 1 i A S (R
I, % mAP SR FHEE K S EMA SR 2 REE AT 43 ¢
(1x1F13x3 BR) MR ML B NGRS,
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Tab. 3 Comparison experiment of different
attention mechanisms

ES=wakilk|

Attention FEREEHIE@0.5/% AEZE/% FRITEE/G
. mAP@0.5 Recall GFlops

mechanisms

CBAM 92.13 85.5 6.6
EMA 91.87 84.8 6.9
DLKA 91.96 85.1 13.3
MLCA 92.02 85.1 6.6
SimAM 92.69 85.7 6.6

mAP $2 75 R : DLKA {f F KGR (fisk &R B R
)R] AR SRAR (BhAE RAEAE ) 2 B R A mAP
BT BT E R KRR AN MLCA @ /s it b (32
BUAR T ) A4 feith Ak Ca s B ARl ) 2, vh BB &g i
RN, mAPEEFEAIHE . MHE S . SimAM IEE ]
T A8 S PRES = A AR EEARR IS5
B | mAP RN IR IE T oK RIAZALHIFE
AT AR E RN

3.5 EREBEMLLHR

NIRFEAR T FL R R P RE , YN — 28 2 Fi 3=
7B H AR K B E Faster R-CNN. YOLOv3~-tiny.
YOLOv5n., YOLOv5s. YOLOv8n. YOLOv8s 25 #£17 %f kb,
A, IR EE R R 4, M ECTHAh E R B ARt 77
i, AR Bl 3 5 BOAG I B8 , mAP@O. 5. Precision
F1 Recall 53 B34 £ 93. 21%. 92. 59% #1 86. 98%, fE
mAP@0. 5 |, AR fff 78 15 B AH BEF YOLOv3—-tiny 2 I+
7.91%. YOLOvSn #2 7} 4. 61%. YOLOv5s $2 F 2. 81%.
YOLOv8n #2 1 6. 51%. YOLOvSs 27 3. 41%., 1EUEHf
% b AL AR 2 DR 5. 69% . fEA B LR
SRR b AR, 2 DR T 3. 28% . TEANEE L
RN B AR5 & 5 M BT YOLOv3—tiny 78 /)
75.21%.YOLOvS5s i /> 70. 25% . YOLOv8n & /> 15%.
YOLOv8s #il /) 76. 2% , X Lt YOLOvSn 94111 1. 28%, 1E
TF OB AR B AAE LT YOLOV3—tiny #8/)N
60. 8% , fH L YOLOvSs ##§ 2> 66. 1%, #H Ft YOLOv8n 78
/1> 35. 6%, FHEL YOLOVSs 43 2> 80. 4%, #HEL YOLOvSR
I8/IN3. 4%,

F4 ERBEWLCEHE

Tab. 4 Comparative experiments of different algorithms

il FHRBEKE@0S/%  FIIREEKE@0.95/% FERRZE /% BEZE/% FRITEE ALE SR
Model mAP@0.5 mAP@0.95 Precision Recall GFlops Wsz
Faster R-CNN 89.20 73.40 87.90 78.70 189.6 235.70
YOLOv3-tiny 85.30 64.90 86.90 79.40 14.3 19.20
YOLOv5n 88.60 68.50 84.80 81.20 5.8 4.70
YOLOv5s 90.40 72.00 86.50 82.40 16.5 16.00
YOLOv8n 86.70 67.50 85.30 78.10 8.7 5.60
YOLOv8s 89.80 73.10 84.60 83.70 286 20.00
YOLOlIn 90.56 70.35 90.11 82.74 6.6 5.23
AR 93.21 75.64 92.59 86.98 5.6 4.76

Improved model

g EpmA AR T EREERAL, RIS E RN
W 12 T YOLOVSN, 1Tk RS 2. 5% DAL B4R T), fE ik
REFT 5505 7 THI BT R ) Sl , 15 & 12 /R A i TR ARG
Mg FAE .
3.6 HLDH

il FH 6B 52 N AR 2K 835 Wk B (Gradient—weighted
class activation mapping, Grad—CAM ) A= {45 7Y ] 4 15
, Grad—CAM J& I 6 FE ISR 0 WA , 58 HY A

PR T I00 T A 1 £ X S, L B2 1 A AR ]
HIEREE B R AEE 2R EETRE , IR & RHERE,
& AR SR AR R 1 X I 136 45 SR A& 12 R o
F 12 B %0, YOLO 1 1n S /1N B AR A9 253 B A, ELxt
ERRBERE . S, AR FRER D SR
HRF AR B, W S AR , BN B AR SSTE
FE i, T SR SR TR ki A s, 3X R
D6 P00 5RUAE B D v, M e S (A I BE
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() YOLOI Inf¢%! (b) AW TY
(a) Heat maps of YOLO11n (b) Heat maps of our model

12 EERADERRAT L

Fig. 12 Visual comparison of heat maps

YOLO1In BRASHIEG 5 BRI ARM im0 A ERORRALERE B AP UFREL, YOLO 1 1In 774E 2 A S Y
MRS EEIn I 13 Ffrom e EPE 13 AR, GG RO 1RV, M SGA IR e H HAw e 22 BRmk , otk
H R B B R SRR VN E AR BRI B R HORR AL A Ui T B R AR RBI8CR
RECAEHEARROPFRMEREREZHT K

B i [ [ 59 :
(a) HEHNHFEYOLOL In (b) AN H ARG (0) 43 ¥ YOLO1 In
(a) Dense small targets with YOLO11n (b) Dense small targets with our model (¢) Low resolution image with YOLOI1n

(d) IR Bl A Y () M HEYOLOL In (f) RS 7 e AR

(d) Low resolution image with our model (e) Occlusion scenarios with YOLO11n (f) Occlusion scenarios with our model
13 FRABRENIRERIEL

Fig. 13 Comparison of detection results in different scenarios
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4 #ig

B ARM IR A R E 2 VNEAR RS S  H
FRIGIR R B 24 AR A 22 7 RS AR, A
FHR BT YOLO1 1 fy S BE8Y | j ish % 2 FE 57 R Al
LB IAS AR . BIRLGHE TS BB A LU M
kNG, 1)REMAE TS EN, SRR ERPP-
LCNet ##: YOLO11 £+ M5, HETRE A 47 AR
R, PRI S 0 il S shin il |, B K&
A5 SERHY RIEZH 527 K BRI R ; 2) i
T 15 RARFESG S AL, 72 ST N 48 A TCSTEE T
SimAM R, HARHRIE T B & pR B0M 7 = 4 7 I
B, BRI = T, g — R AR RE :3) 5T A
NWD R R, K18 FAR AN = B 73 A g ToU A
/NEFRAL BBV R, KiEFRA /N B IGE

X E AR | AR LA B v Y i TR A1
ME MR E R, mAP@O. 5 $2 7} 2. 65%, mAP@0. 95
PETE5.29% 7 S BN R 15, 15% BFE3RH, AR
7B AR TR AR A ARSI STk 5 B B4 R F AR
8, IR shum iR s BB AR IS % . R
SRH TAE R GHE BE S B TR BRI AT &
Hf SEER A bt TR 152 28 B SR ok —AAige i, ROt
HSERE B
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