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Abstract: To meet the demands of crack detection
market in domestic tall buildings, taking the shortcomings
of the fact that the existing YOLOv4-tiny deep network
structure runs slowly on such edge devices as Raspberry
Pi into account, two novel simplified YOLOv4-tiny deep
network structures, that is, YOLOv4-litel and YOLOv4-
lite2 were deduced by removing the second residual
network, as well as adding a maxpool layer and changing

the connection of the last route layer in this paper. The
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training set, the test set, and the verification set data of
crack detection were then generated by using the crack
pictures downloaded from the internet, and the training is
conducted on a 64-bit Ubuntul6.04 system utilizing the
Darknet deep learning framework. At the same time, the
actual tests on the RaspberryPI 4B show that the YOLOv4-
litel structure has a faster running speed, detection rate,
and stability compared to the YOLOv4-lite2 structure.
Finally, the next step of this related work is pointed out.
The innovation of this research lies in further simplifying
the YOLOV4-tiny network structure and the connection of
the last layer route layer, thus obtaining two new YOLOv4-

tiny deep network structures and better detection results.

Key words: intelligent detection; deep learning; edge

device; deep neural networks
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Fig. 1 Improved network structure of YOLOv4-tiny
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Fig. 3 Structure of YOLOv4-lite2 (part)
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a YOLOv4-lite 1 Ky il 45 5 b YOLOv4-lite2 Kl 45 5 ¢ YOLOv4-tiny#a il 45 5

E4 2 000ERERHEKN weights INEX IR
Fig. 4 Experiment results of the 2000-epoch weights file
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Fig. 5 Experiment results of the 4000-epoch weights file
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Fig. 6 Experiment results of the 6000-epoch weights file
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Fig. 7 Experiment results of the 8000-epoch weights file
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Tab.1 Detection time of different weights files and pictures
ms
ER 1 A2 RS BERE mAP/ Y
O —— : . _ : : : — :
litel lite2 tiny litel lite2 tiny litel lite2 tiny
2 000 648.7 620. 16 659. 96 608. 03 624. 88 667. 05 20. 11 5.08 11.43
4000 626. 88 628. 82 653.75 615.01 624.19 659. 75 23.48 17.06 18. 68
6 000 621.91 631. 74 681. 28 616.99 634. 48 653.01 25.89 33.42 30.6
8 000 656. 86 633. 38 663. 41 620. 43 630. 69 653.72 26.4 33. 67 32.33
®2 EWRERQHYER LR SRR I TR K R A A K S bR A
Tab. 2 Detection number of different weights files oIl ’7& LA
N o
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B — rﬁ}#l ; ; F%U#Z :
litel lite2 tiny litel lite2 tiny
2000 2 3 3 3 3+1 3+1
4 000 6-+1 6+2 7+1 4 4-+1 2
6 000 6-+1 7+1 7+1 4 3+1 2
8 000 7 7+1 7+1 4 4+1 2
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Tab.3 Comparision of mAP with different parameters
SEHPRE A mAP/ %
1000 2000 3000 4 000 5000 6 000 7 000 8 000
batch=32, subdivision—=4 10. 22 20. 11 23.90 23.48 27.39 25.89 26.98 26.40
batch=16, subdivision=2 3.32 7.97 10. 29 20.61 20.03 21.82 18.79 17.97
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