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Abstract Machine vision technology remains in its nascent stage for practical application in space
station cargo bay management, with limited research currently addressing target detection in space sta-

tion environments. To overcome detection accuracy limitations caused by confined spaces, obstructions,
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and lighting conditions in cargo bays, this study proposes an enhanced YOLOv1l-based algorithm for
fruit and vegetable detection: LEBR-YOLO. Drawing on successful implementations of existing visual
detection techniques, this approach refines the original convolutional neural network architecture by in-
tegrating spatial and edge information via a dual-layer attention mechanism, thereby enhancing process-
ing efficiency for high-resolution feature maps. Specifically, it improves feature extraction capabilities by
modifying the original convolutional module into an efficient input feature extraction layer that fuses
spatial and edge information. Concurrently, a dual-layer attention mechanism is incorporated to signifi-
cantly boost the model’s processing efficiency for high-resolution feature maps. An enhanced lightweight
shared deformable detection module is introduced, which adopts a shared convolutional architecture
combined with deformable convolutions; a dynamic adjustment mechanism integrating category loss and
bounding box loss is also employed to improve detection performance under occlusion. Transfer learning
is used as an optimization technique to compensate for dataset limitations, reducing computational costs
while enhancing model generalization. Experiments demonstrate that this model significantly improves
object detection under occlusion: on a custom fruit and vegetable dataset, it achieves 95.3% accuracy,
88.6% recall, and 93.9% mAP@(.5, while maintaining low model complexity. This meets the detection
requirements for the Tianzhou cargo spacecraft during in-orbit operations. This approach proves highly
effective for detecting fruits and vegetables in space stations, enhancing detection accuracy, substantial-
ly reducing false positives and false negatives, and elevating the automation level of on-board resource

management.
Key words Cargo hold fruits and vegetables detection, YOLO11, Feature extraction,

Shared convolution, Transfer learning
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Table 1

Configuration of experimental environment

Experimental environment

Configuration

Operating system
Graphics Processing Unit (GPU)

Central Processing Unit (CPU)

ubuntu22.04
RTX 3090 (24 GB)
Intel (R) Xeon (R) Gold 6330

Deep learning framework PyTorch2.1
Computing platform Cudal2.1
Random Access Memory (RAM) 60 GB
Interpreter Python3.10
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—— Banana 0.961
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—— Fragrant pear 0.875
Corn 0.937
Potato 0.968

— Green pepper 0.945
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Tor NAE BE 24 BT T B, 32 2s Al ST &R 42 R 5 B A
AR IS, A SCHE 9 LEBR-YOLO 7£ 45 4
) NI T YOLO11, JoHAE A 8 0™ i 4
Z AT LA I, map@0.5 4 4R T 2.0% i
2.3%. W3 20 g0 — Lk T A G T RS
()35 RO IX —FFRR N I3 5 T B e 5 S A
3.6 JHRLSELG

o R AR AL A BB R YOLO11 1y 3 |
ElEstem ik, BRA nchw B A1 LSDDetect 3.
3 28 T il ST A3 AT S R R I TR, 25 R Ak 3 .
JMA ElEstem #EHUE map@0.5 32T+ T 2%, Uil
Yot i T ARE SR B ARRAE il F RE T, (AT H bR
AP SR A N A LSDDetect AR, #ERRR
P T 1.9%, map@0.5 $2 5 1.2%, i 1z A I 3k 78
DAl B bR I 3k A8 rh (0 SR BE L i FVHE [R] 05 45 07 T
T DTEk, S B G R R E A H AR A
BRA _nchw i ZEHHLH], i map@0.5 #2755 2%, HA

it =Pl AT

Table 2  Occultation comparison experiment

YOLO11

LEBR-YOLO map@0.582 T

map@0.5/(%) map@0.5:0.95/(%)

map@0.5/(%)  map@(0.5~0.95)/(%) WL/ (%)

JCHERS 95.2 66.7
TR REE Y 92.8 62.9
rhRE Y 89.8 58.9
J Y 85.9 54.0

96.5 68.4 1.3
94.1 64.8 1.3
91.8 61.0 2.0
88.2 56.3 2.3

x3

Table 3

Ablation experiment

YOLO11 n ElEstem LSDDetect BRA _nchw

PI%)  R/(%)  map@05/(%) map@(0.5~0.95)/(%)

LA <KL
< <
<

<

< < <

91.2 85.6 91.2 61.1
92.8 88.1 93.2 61.5
93.1 87.2 92.4 60.8
93.2 88.4 93.2 62.2
93.7 86.5 92.0 60.2
93.3 88.0 93.1 61.2
93.5 87.9 92.5 62.1
94.3 88.5 93.3 62.3
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(62.2%) 32 W 5 L BB B 4y b Ak 3 v X B A 55
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)38 I P
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F i R A ) AR A v B 2 4 [ SR A
B B T, I H Gl I AR R il FH AR A 22 )
DL R, map@(0.5~0.95) MAETFT 1.1%. Henl
W, RS2 ) AR RE R ST B A B AR
3.9 AT LIS

R T % WL R S A B, ¥ LEBR-
YOLO 535 5 3 7F F2 9 19 45 A AL AT g, A
£ 6 1L R Al LLFE Y, LEBR-YOLO & ¥ 7E myp@
0.5 3& #» E A It YOLOv5, YOLOvS, YOLOVI1O n,
YOLO11 n 7 5l#E & T 3.1%, 2.9%, 3.7%, 2.7%, %
P T AAS . 5 FasterRCNN #8UAH [, LEBR-
YOLO 7£ mAP ., H FPRMSEK/ N7 A W% 5
Ft. 4§ LEBR-YOLO #AYZE Parameters, GFLOPs,
FPS i =Ii4gts FIfFIRSR L, (HHLE SRR 0, 75
PERRIPREETS , X v A A I 2 0 B8 DRI = A BE 1Y
[FIER, /HAR G R T 6, Y R SIS AR i R o)
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2% iR, LEBR-YOLO 82 Y1 il vh
TERGFE | o RN G YA T =2 1) S e P A 14 ARG
2, WRTEPBAT IS R AR EOK , & —Fh & ALK
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4 5B

B X 2 Ti) vl BT P S A 2 BRI 1 AR i A

x4 EENNSHILE

Table 4 Comparison of attention mechanisms
Models P/ (%) R/(%) myp@0.5/(%) map@(0.5~0.95) /(%)
CPCA 90.9 86.1 92.3 61.2
SimAm 92.3 85.9 91.9 61.2
Dattention 92.8 86.8 91.5 61.6
Local Window Attention 92.3 85.8 91.4 61.3
BRA_nchw 93.2 88.4 93.2 62.2
F 5 EBFEIFHEREERIN
Table 5 Impact of transfer learning on model performance
Models P/ (%) R/(%) map@0.5/(%) map@(0.5~0.95) /(%)

91.2 85.6 91.2 61.1

B 93.9 87.4 92.7 62.0

C 94.3 88.5 93.3 62.3

D 95.3 88.6 93.9 63.4
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Table 6 Comparison of the models

Model P/(%) R/(%)  map@0.5/(%)  map@(0.5~0.95)/(%) P"‘{"X“;ﬁ%e“ GFLOPs FPS

YOLOv5 91.0 86.6 90.8 60.7 2.2 5.8 242.31

YOLOvS 91.2 85.5 91.0 60.0 3.0 8.1 153.81

YOLOv10 n 90.9 83.7 90.2 60.9 2.3 6.5 379.53
FasterRCNN 87.8 78.0 83.1 55.6 41.0 198 13.65
YOLOI11 n 91.2 85.6 91.2 61.1 2.6 6.3 288.50
LEBR-YOLO 95.3 88.6 93.9 63.4 3.1 7.1 270.24

TR, — T 1 2 1) BT AR A SR RS o ARG I
:——LEBR-YOLO. il 45 G654 F ., gk
st Ak BV R AR R AE B B, $2 5 T R AE
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