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Wooden Chair Legs Based on Improved YOLOv1in-seg
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Abstract: Accurate identification of wooden chair legs and localization of grasping positions are crucial for achieving effi-
cient robotic loading operations. However, existing instance segmentation-based image processing algorithms often
struggle to balance accuracy and speed, and their large number of parameters hinders practical deployment in industrial
scenarios. Furthermore, these algorithms are prone to missed detections and false detections in complex environments.
To address the aforementioned issues, this paper proposes an improved YOLOv11In-seg model. By incorporating light-
weight modules and a novel loss function, the model achieves a favorable balance between accuracy and efficiency,
thereby optimizing its deployment performance. The specific improvements are as follows: firstly, RepViT is introduced
as the backbone network to enhance feature extraction capability while reducing computational complexity. Secondly,
the lightweight dynamic upsampler DySample is adopted in the neck network to improve feature fusion efficiency. Fi-
nally, Shape-IoU is used to replace the traditional CloU Loss loss function, optimizing the regression accuracy of bound-
ing boxes. Results of ablation experiments and comparative experiments demonstrate that the improved YOLOv11n-seg
algorithm outperforms the original model in both inference speed and segmentation accuracy. Specifically, the total num-
ber of model parameters is reduced by 11. 31%, the floating-point operations (FLOPs) are decreased by 9. 62%, and the
mean average precision for segmentation (mAP@Q. 5:0. 95) is increased by 4. 61 percentage points. These findings vali-
date the effectiveness of the improved algorithm and provide technical support for the subsequent precise positioning and
grasping of wooden chair legs by robots.
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Fig. 1 Schematic of the vision scheme for loading/unloading robot
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Conv denotes the convolution layer; MaxPool2d denotes the 2D maximum pooling layer; Concat denotes the feature concatenation layer; PSA-

Block denotes the Position-Sensitive Attention Block ; Downsample denotes the downsampling module; SPPF denotes the spatial pyramid pooling fast

module; C2PSA denotes a crossstagepartial attention module; C3k2 denotes the residual feature extraction block; Segment denotes the segmentation head.
2 2i# YOLOv11n-seg £5#4
Fig. 2 Architecture of the improved YOLOv11n-seg algorithm
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Act denotes the activation function; Stem denotes the initial backbone layer; Stage 1-4 denote the four stages of RepViT; Stride denotes the con-

volution stride; FFN denotes the feed-forward network ; Pooling denotes the pooling layer; DW denotes the depthwise convolution; FC denotes the fully

connected layer.
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Fig. 3 Architecture of the RepViT
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C denotes the channel number of the input feature map; C, denotes the channel number after channel compression ; r denotes the upsampling scal-

ing factor; k, denotes the size of the upsampling kernel; rH and rW denote the height and width of the feature map after upsampling.
El4 CARAFE LR
Fig. 4 CARAFE up-sampler architecture
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2g denotes the coordinate channel; sH and sW denote the height and width of the feature map after upsampling.
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Fig. 5 Sampling process of DySample
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X denotes the intermediate feature tensor output from the linear layer; G denotes the base grid coordinate tensor; O denotes the offset tensor after

pixel shuffle; S denotes the final point sampling coordinate set obtained by adding G and O; sH and sW denote the height and width of the feature map after

upsampling; g denotes the number of sampling points per grid; s denotes the upsampling scaling factor; o denotes the adaptive standard deviation factor.
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Fig. 6 Structure of sampling point generator
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A denotes the ground truth box; w* and h* denote the width and
height of the ground truth box; x* and y* denote the center coordinates
of the ground truth box; B denotes the anchor box; w and h denote the
width and height of the anchor box; x_and y_ denote the center coordi-
nates of the anchor box; GT stands for ground truth; Anchor denotes the

predefined anchor box.
7 Shape-loU 4
Fig. 7 Architecture of Shape-loU

Shape-loU fZRERE > TR 51 H o

AR & 5 SEAME 8 & B 22 FF FE ToU (AUHie
L) AR
_|BN B

|BUB|

A B ATRINAE ; B N ESLAE

FRE ST E A (SN L) RS TRINAE 5
AR OER 2, AU

Limee = @y X (2, =62 )+ a,, X (y, =y )lc*s (2)
A e /NI EHRER X 2K IE £ o,
a, AR

(1)

oU

2 x (h*)™
w
o (3)
2 % (wg‘) -
au:u: =

(w) "+ (1)~
Krfos BRERT, SEHEERTHBRERE R q,,
Fa,, 73 BR7KSE 75 T A0 S8 B 75 [ A R 2R 4, BUE S
CTHERITARA K b NESAE R w* NESAEGEE o
GNBARSR () FAE S HSEAE RS 27 A3
2= S (1-en) (4)

te(wh)

A ORISRV 24 B H IR E N 4,0, WR
NEREL, Fhrie(w, b)), 3 RIREER B FRHER =158
o, Mo, R 58T A TR, Ht =0

y |h = h*|
w,=a v E—
! max(h,hg')
. (5)
|w - w*
wu* = ahh X

max ( w, w )
oA F R 3 BN ESEAE A = FEE RN TR . I FRAE ]
IHHAR AN

L

=1 =1+ Lygpe + 0.5 x Q% (6)

shape — ToU distance

2 {59

IR6 T & 487 2 25 % B Windows 11, 5T Python
3.10. PyTorch 2.7.1 2 CUDA 12. 8 f5 # F & ¥ 554 ,
GPU{HEF RTX 5060 /ENE IR IZRSEREN:
¥Ia 5 2% 59 0. 01, 32 B 1 FIAE 22 56k 43 5108
0. 937 #10. 000 5, YIZRILIR I EN 16, e PR REALEEL B
T B (stochastic gradient descent, SGD) {628 , Il k%8
IRIEE N 3005,

2.1 HIEIE

R E T H 3R IR B IR K A0 AR AR
BT B EGOR IR & R IERI GO E
£ Tl A5 AL MER2-202-60GC, % fic 9 53 3L hy ZX-
SF0620C Tk , HoR &R 330 Rk, S HETEE
IRELL R A AR [R] ZE AL AR T AR

R B SRR IR Y S B AV AP, 3o TR s SR S Y R
Fr#tiTd se b B, I 8 A S i At R AR R IA SR
S B R 2R RARER . A PR as
JUAr1 2% i (R AL R e BEATLEET  BEAAE S ) Rk
RS 4 PR SR 5 15811 2 000 5K 5 Fe a1
Fi labelme SR {4 %f I A TARTE MR EURE SR . &5k
ERBEREEIE 712 I ERFIR 4 I 2R R IR IR SR
AR
2.2 FMNER

IR IG e FH 73 BIAE 1128 Precision (Mask, P) 73 #1H
[] %% Recall (Mask, R) « 73 # 7 ¥1 k5 £ ¥ {6 mAPO. 5:
0. 95(Mask) (& Params . iT B E Z2 & GFLOPs il
RFPSTENTEARIFTIFAE ™ o KSR PR R AL FI
NIERFEARFEIER T IEFEMEH]; G EZ R ERTE
I SE RN TE S AAE AR FR A A T At TN TE 2R A L
Bl o 45 E 15 RS 15 25948 mAP 200t Bl K6 25 IS
HIPEFE bR , 5 7 O A EIRE EE AP FOEIME
mAPO. 5 R ToU FIE N 50% I ) mAP, mAPO. 5:0. 95
& — D E A R AR L 3R R ToU BB M 50% 2]



%588

BEERS T YOLOVT 1n-seg RIAR G BESE 6195 2 75 3% 1029

B8 HEEZEIURE

Fig. 8 Dataset establishment process
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Fig. 9 Detection and segmentation results of different types of wooden chair legs
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Fig. 10 Variation curves of the relevant metrics
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Tab. 1 Analysis of ablation experiment results
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Tab. 2 Analysis of comparative experimental results
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