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AEHEY FSTAEIAE )RR 75325, TCIRAE SRR, a2 ) R~ T LIS VGGNet 19
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Fig. 1 Structure diagram of YOLOv7
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Table 2 Related hardware configuration and model parameters
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Fig. 5 Example images of experimental dataset
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CARAFE L SRAEH T Kencoder TN K.y I EFTH
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N T B IR AR W 5T 4 A ) 2% BB (DC-

#* 4 ET YOLOv7 {REHERESIIE
Table 4 Ablation experiment based on YOLOv7 model
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WEES2E . fF DC-YOLOv7 5 YOLOv7 Hlk it YOLOVT 55 y .
_ . v . . 4
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P, BRI R PSR AR S8, S
R4,

Wit 4 a[LIEH, 76 YOLOVT 5| A CARAFE FREEE T, XFEL YOLOVT MIZS5R,  BARAALAY
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IET# CARAFE L RAEE-T-F1 DSConv BURZH A FAE YOLOYT. M (A 340

TEMAE R T 5 sREA NI R, 433 YOLOvT #5 | Beafii#d 1 il DC-YOLOv7 il
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(c) WU (d) DC-YOLOV7
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Fig. 6 Detection effects of different models
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Table 5. Performance comparison results of
different network models
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Bt R, S TAN ST $ A 3 4 2GS IR SR T RE T A Bt TR, RN B ss
H sl tis g, SEREERSRIR I R E . S S P R R R, A PR i R TR R Ff
BTk e B PRIG ATREE E P TR R, SRR IRISCREARI . DR AT R bR T . TR
ZAMHABEE S B I B AT, ARG B 2R S, AR IR AR SREA RGNS, AR S2BR T
B0 NSRRI IRINACE , AT EHSEPR T Nl & e, ok, SRk, ARISEEFRIRWEIE, I
XDk E R SRR TN, AR S RN E 7 R fRIEL 7 AT, ARSI SRR
SSHLG TSR T 00 T SRR A B AU




278 How TR % W 18 %

(@) e (b) Tk © Wk (d) ek
&7 SERRI TSRS ISR

Fig. 7 Detection effects of the proposed model under actual conditions
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Abstract The construction waste classification and detection technology based on deep learning algorithm is
of great significance to the construction waste recycling and resource reuse. In this paper, the improved
YOLOV7 algorithm was proposed to realize the classification and detection of construction waste. Firstly, the
content aware reassembly of features (CARAFE) upsampling operator was used to replace the nearest
interpolation upsampling operator in YOLOV7, -which reduced the loss of image quality in the upsampling
process and aggregates contextual information within a large receptive field, thereby improving the detection
accuracy of construction waste.” Secondly, the distribution shifting convolution (DSConv) module was
introduced to replace the traditional convolution in the head network of YOLOvV7, achieving lightweight of the
model. The experimental results showed that the mAP value of the improved model reached 90.7%, and the
computational complexity was only 96G. The improved model had higher accuracy and stronger robustness
performance. It has high application value in the field of construction waste classification and detection.
Keywords construction waste detection; YOLOvV7; CARAFE; DSConv
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