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Object Detection Model Based on Multi-Scale Feature Integration

Liu Wanjun, Wang Feng”, Qu Haicheng
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Abstract To ensure detection speed and further improve object detection accuracy, a new model RF-YOLOvV2 is
proposed on the basis of the YOLOv2 model. In this new model, the KITTI data set is first clustered to select the
most suitable number and size of candidate boxes. Next, a residual block structure is used to increase the number of
convolutional layers in the training part of the network structure. This increase helps the model to extract more
strong features to better describe objects. Finally, a feature pyramid network is introduced in the detection part of
the network structure, fusing the feature graphs with different sizes. This network allows even low-level feature
graphs to capture rich semantic information. Experimental results show that the RF-YOLOv2 model can gain the
deeper information about features and can integrate more object size information. These improvements alleviate
significant problems in current models that lead to low detection rates when actual road scenes are complex or when
objects vary in shape or structure. The proposed model also improves object detection accuracy in real time detection
and achieves better results for large object detection.

Key words image processing; object detection; deep learning; convolutional neural network; feature fusion;
residual network
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Table 1 RF-YOLOv2 network structure
Layer Number Size /
Type Output
block of filters  stride
Convolutional 32 3X3 416X416
Maxpool 2X2/2 208X 208
Convolutional 64 3X3 208 X208
1X Convolutional 32 1X1
Convolutional 64 3X3
Residual 208X208
Maxpool 2X2/2 104 X104
Convolutional 128 3X3 104 X104
2X Convolutional 64 1X1
Convolutional 128 3X3
Residual 104 X104
Maxpool 2X2/2 52X52
Convolutional 256 3X3 52X 52
4 X Convolutional 128 1X1
Convolutional 256 3X3
Residual 52X52
Maxpool 2X2/2 26X 26
Convolutional 512 3X3 26X 26
4 X Convolutional 256 1X1
Convolutional 512 3X3
Residual 26 X26
Maxpool 2X2/2 1313
Convolutional 1024 3X3 13X13
4X Convolutional 512 1X1
Convolutional 1024 3X3
Residual 13X13
Avgpool Global 3
Softmax
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Table 2 Comparison of accuracy and detection speed

Accuracy Accuracy of Accuracy of Detection
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Table 3 Change process of recall rate and Iy

RF-YOLOvV2 model  YOLOv2 model

NurrTb.er of Recall . Recall ,
training rate /% I()U/A rate /% I()U/A
10000 50.36 43.29 48.18 43.42
20000 55.45 46.34 53.11 45.98
30000 61.47 50.65 55.83 47.79
40000 64.92 52.56 54.13 46.72
50000 65.87 53.63 57.98 49.04

S A I 2R OB AN 88 n AR SCRERLAE 40000 1R
AR AREC LR T YOLOv2 BRI A 31 25 8 . i
WA SCRE RS B AR PE 4 T YOLOv2 B3

KITTI s 5 AR 4 H Ax 09 108 34 7% B A H br A
AN e BE 1 B /IMBRAE B B AR T AR A rp A A
AFNRAMEREA 3 e, SR X T YOLOv2 KR,
Faster-renn 8 fl RF-YOLOv2 & 8 % 3 Fh 2 5]
FR2E 11 3 b A A G DK A %%

P 4 S 3 LIS car J8 B = FhRE A B KR 0 2
W ATLIFEH YOLOv2 #2 I F Faster-renn 5 #Y ()

——YOLOV2 model
——RF-YOLOvV2 model

Loss value

1 2 3 4 5
Number of iterations /10*

7 P AR 45 2 Pl
Fig. 7 Loss graph for two models

K R SRS T RE-YOLOv2 BB, 7E car bR 10
3FREA th, RE-YOLOv2 B8 i1 ) B RE A 1 K5
FH YOLOv2 BEANEE & T 20.4 ASE 40 e, i S5 4
ARG R T 23,9 AN 4 L, RIMERE A (14K
FHEE T 219 AN E . RF-YOLOv2 588 (1) fif
PAREAS 10 KE 10 R L Faster-renn BRIV = T 3.1 4
O3 TAEREA ORI R S T 2.1 N E SR R
MEREAR RGBS 4 = 1 2.22 DA A

4 car ZE | = PR AR I 45 R

Table 4 Three sample detection results of car category

Model Accuracy of easy sample /% Accuracy of moderate sample /% Accuracy of hard sample /%
YOLOv2 70.56 57.32 50.44
Faster-rcnn 87.90 79.11 70.19
RF-YOLOv2 91.01 81.26 72.41

5 I 3 FIBEEINS pedestrian & | = Ff R A G I
L5, LI RF-YOLOv2 A% B BRI RS
ZRET YOLOv2 B, {H i#b T Faster-renn BB, ¥E
pedestrian FR%5 ) 3 FPEE A B, RE-YOLOv2 #5151 1
BREAS (R B % H YOLOv2 SRR R T 4.3 4~ 4

Fo AR FEAR BRI RS & T 7.9 AT I3 IRDHEREAS
RSB A 42 55 T 9.0 D 28 ai. RE-YOLOv2 A f
1] BRREAS FRORE 1 2F [L Faster-renn fRAYRRAR T 14 N H
O3 5 T EERE AR BRI SRR A T 8.9 ST 43 s IRDUERE:
AHPEHARFEAC T 7.2 D 20 5

2 5 pedestrian 2 5| = Fp R A I 25

Table 5 Three sample detection results of pedestrian category

Model Accuracy of easy sample /% Accuracy of moderate sample /% Accuracy of hard sample /%
YOLOv2 59.97 49.05 44.91
Faster-renn 78.35 65.91 61.19
RF-YOLOv2 64.35 57.02 53.94

6 & 3 PALRIXT cyclist Z8 51 = Ff b A A I
ZER O A LIE 1 YOLOvV2 #H fl Faster-renn #8Y
(K B % SRR T RF-YOLOv2 #8178 cyclist

FREEH 3 FhREA ff . RF-YOLOv2 81 i 8o ke AR

Bk B 2 b YOLOv2 BRI 4 & T 23.2 A~ H

oy HL SRR AR AR B RS2 R T 180 A E L I

2 6 cyclist 2851 = FhkE A AG I 4%

Table 6 Three sample detection results of cyclist category

Model Accuracy of easy sample /% Accuracy of moderate sample /% Accuracy of hard sample /%
YOLOv2 56.47 56.68 53.02
Faster-rcnn 71.41 62.81 55.44
RF-YOLOv2 79.76 74.68 72.41
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Fig. 8 Precision-Recall curves of two models. (a)(c)(e) YOLOv2 model; (b)(d)(f) RF-YOLOv2 model
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Fig. 9 Detection results. (a)(c)(e)(g) (i) Detection results of YOLOv2 model; (b)(d)(f)(h)(j) detection
results of RF-YOLOv2 model
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