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Abstract

In recent years, with the continuous development of deep neural networks, target detection algo-
rithms have achieved high accuracy in detecting large and medium-sized targets. However, due to
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the relatively small area of small targets in the image, low pixels, and less available features of the
detection network, there are serious situations of inaccurate classification and inaccurate posi-
tioning in the detection of small targets. In order to solve the above problems, this paper inte-
grates the super-resolution reconstruction technology based on generating confrontation net-
works and the SPD-Conv module into the YOLOvS5 target detection network. Experiments have
shown that compared to the original YOLOv5 network, there is an improvement of 3.73 percent in
mAP@0.5 on the VisDrone2019 dataset. Finally, the ablation experiment proves that the three mod-
ules proposed in this paper have a certain improvement in the detection effect of small targets.
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Figure 1. RRDB basic block structure diagram
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Figure 2. Improved RRDB basic block structure diagram
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Figure 3. Network structure after adding Gaussian noise
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RAGB R RIB LR . 7£ SRGAN T VGG FHIE /=0 R EUS IRHE 2 . ESRGAN F& tHE0H
JEWIRHE R IRM B, M EBRE IR/, LA VGG19 MEZ A, EEE 5 MBALZTTIIEE 4 MERZ(VGG19-54)
JE S R AR S B 11.17%, LAZSERMUEE, B RERSS, B MR A AR SCR A
ESRGAN H #1757, {58 FHI0E sRB0HT AFIE T AR R, RIIZRMNZS, IXFE I BHE BEA MBI,
NI, VGG 0K KE XN, LRER G, (ILR)BM%E?ESZS%@I@I”R SEAE 2 1] )RR ER B
Lygen; = ﬁzwl Yo (Q),., (1" )} -2, (G{,G (1 ))y ) 3)

Reft, W, H,, N VGG Rt & HEEMLS 14

Zi b, AERERR AR
Ly = Lygg; + ALy +1L, 4)
Ko 1 = E, |G(x) -y, MAEREE 5% B2 w15k
2.4. iR E 5LWIFE.

ALk Adam LA, Hrd g BN 09, B, ®EN 0.999. FEMLUSIHET, IS4 G
FIHE D, DAHCREE AN M S 5. ASCRTER 2P T, 5250 HITR 2% ) BREE RIS FH AR
BRI 1 TR

Table 1. Experimental environments
1. LI

(=R LB S

BERS Linux Ubuntu 18.04
CPU Intel(r) Xeon(R) Platinum 8163
GPU NVIDIA Tesla V100 32 GB
A7 100 GB
At Anaconda. Visual Studio Code

RIE A SIHELE Pytorch1.10.2
GPU Jis CUDAL13
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EFRMBA N . T FEARASTITR H W48 HE 7 A R A1 SR A RE T . AU BSDS Hidli gk
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Figure 4. Comparison between the improved ESRGAN algorithm and the original ESRGAN algorithm
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Figure 5. SPD structure [15]
5. SPD £5#4[15]

foo =X[0:S:5cale,0:S :scale], f,, = X [1: S : scale,0: S : scale],---, )
frcatero = X [scale—1:8 : scale,0: S : scale]; (6)

fo, =X[0:S:5scale,1:S :scale], f, -, (7)

fmlH,l = X|[scale—1:S :scale,1:S : scale]; 8)

Soscaen =X [0 :S:scale,scale—1:S : scale], Srseaters” > )
Srcate-t.seater = X[scale —1:8:scale,scale—1:5: scale]. (10)
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Figure 6. SPD Structure diagram of SPD embedded in YOLOVS
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Figure 7. Improved version of ESRGAN + SPD-YOLOVS simple diagram
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Table 2. VisDrone dataset experimental results
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mAP (%)
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Figure 10. VisDrone dataset experimental confusion matrix
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Table 3. Results of ablation experiment
3. HMLIER

it mAP (%)
YOLOV5 39.73
YOLOVS5 + DR-ESRGAN 41.65
YOLOVS5 + DR-ESRGAN + CA 41.97
YOLOVS5 + DR-ESRGAN + SPD 42.73
DR-ESRGAN + SPD + CA-YOLOV5 43.46
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Figure 11. The partial detection effect of this model on the VisDrone dataset
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