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Abstract:

detect, an adaptive multi-scale feature fusion network (AMFFN) is proposed and better performance is achieved after apply-

In order to improve the vehicle detection accuracy and solve the problem that small vehicles are difficult to

ing it to YOLO v4. To improve the representation capability of features, spatial pyramid pooling modules are employed on
each feature map. The proposed AMFEN fuses features of multiple scales across layers and assigns learnable weights to lay-
ers of different scales. In order to achieve detailed information better, we select DY-ReLLU as activation function, which can
change dynamically with input. AMFEN can be treated as a reusable module to obtain more refined features by repeatedly
fusing features. To avoid the huge amount of parameters caused by the complex network, depthwise separable convolution
is used to replace the normal convolution in order to reduce the amount of parameters and increase the speed of detection.
Experimental results show that the proposed method improves the AP by 1.90% and the detection speed by 5 FPS.
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R TG UE I 8 v I A5 AR e 11 E L SPP,
AMFFN , TR 1] 43 85 45 B % A5 14 0 T 9 45 R 36 iF
PEBE . I S50 9 JEVE R YOLO v4, SEI0 45 R WL 36 4.
SPP 4 YOLO v4 ) AP 42 5 T 0.32%, iX 15 25 T SPP fiff
T AR RNt A A%, 3R ICT AR 6] RUBE B RRAE |, 38

KTHAEMRZE £ & THEW ETXER . kT
SPP F TR B /N, FPSAUTF & T 1. Zead SPP, R¢1iE 15
2T SR, BT E W A UE B AMFFN 5 T
1.42% (%) AP, 3% £ W] T AMFFN 38 32 22 2 5 1F 1 il &
I [ 3 N 2 2 AR, BB A% B O VR X AR AR AL A sk K i
FEE 2, 938 i3 DY-ReLU 34 38 $R1F 19 R R BE 1 .
SPP Al AMFFN 2 3 [m] if (i FH , FPS N B T 7, H 2 A il
KSR T A RIETE AP TF T 1.98%. f)n , i FHIR
JEE ] A3 B B AR e AMFFN rp 13538 42 A1, ) 0.08% AP
W AR 2 3ok T FPS | 12 (932 T . i N 48 22K
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(a) YOLO v4 7E UA-DETRAC %4 48 1610 25

(b) 3T IEAE UA-DETRAC $CHR A K6 25 51

K6 UA-DETRAC $4E A2 K6 25 5

R4 BEREHMAIRE

SPP AMFFN | DP CONV FPS AP%
25 52.63

v 24 52.95
N 19 54.05

v v 18 54.61
v N N 30 54.53

N RS 2 EAH HE YOLO vA #8753 T4 7).
5.2 SPPHIBERLLIG

SPP AT AMESRAFAE LR SCfE B, 8 T REKs: SPP L
FHAEAR R RRAE 2 B B8ORS SCHEAT T TH R SE 5, S0 56 245
RIS, B EASOW SPP HIFE T U2 FR1E , AP 1E SPP
FAE P2 2 PS FRAE 2 b2 5l 8 = T 0.14%, 0.2%,
0.31% and 0.37%. X %W SPPXF T4HAE A FF S0/ B
A —E MYE R R IR 2 BB IR ACR B . fe e AR
SCHE SPP FHAE T A WU RAE )2 b, AP IR B T 54.53%,
Fe A SPP R T 0.55%.

&5 SPPRYEFRLIE

SPP Level AP%

No SPP 53.98
Single level P2 54.12
Single level P3 54.18
Single level P4 54.29
Single level P5 54.35
All level ALL 54.53

5.3 AMFFN RY54 R sCIe

ST B T B Y O W A R AR AT T
AlESY . B 5, B IE ] 2% 2 AR R DY -Re LU X} AMFFN
PEREMHETE . Al AT 242 AU F DY-ReLU i AMFFN
JERLLR W] 2E S AUE A DY-Re LU 32 25 1 FH7E W 25 v
N 6 iz, il 22 ) AU A1 DY-RelLU fiff AP 435427+ T
0.56% F1 1.07%. [R) B} FH 7] 2% 2] AL EE F1 DY-ReLU [

AMFFN ¥ AP M 52.89% $2 /5 31 54.53%, i B T 42 H i1
T A R

%6 AMFFN #9423

Learnable weights DY-ReLU AP/%
52.89

J 53.45

v 53.96

N v 54.53

SRJG , HEAT T Rl S B0 R B UE AMFFN S5 {3 8 5 Ik
0, N AMFEN 0] LA 21 5O 41 1 R AR (H 2 it £
W S HcE 2 1 B R R I . AR LA Hs AMFFN 852
T 1,2,3 K, LREERLET, AP L 2] T
53.65%,54.53%,54.65% ,iEB T E & {# ] AMFFN 0] X
PR FEE RN EE T . SR, 1 2 B AMFFN &7
K S B G N, FEARAR Y () 5 2, {8 — Yk AMFFN
{LEEFE T 0.12%AP, FPS HI T B T 8. FE A 1 A Il
JEE RIS B 22 5, AR G B A2 A FH IR AMFFN AR

R7 AMFFNEEXREHERILI

AMFFN AP/% Model size/M FPS
1 53.65 154 40
2 54.53 195 30
3 54.65 236 22
6 it

ARSCHR T —A> [0l N2 ROBERFHIE Rl & 4%, 5F
W6 N FHAE T YOLO va4 45 . 1 Se il i 76— 2 4%
fiE L fd ] SPP, 7R 1 /RS2 B 3 58 T RHE Y 1R SUfF
B ARJE 8 T AMFEN B R R Y 208 B S
DRZ AR B30 U5 R TS0 Bl 58 TR AIE A9 2 e
J1 . SRR, B DT A AT 55 b B B
ARG AR, | B 1 A A PR DK 2 S A I, 5 L
XEF /N AR R AT — i G R, 7R A DK 25500
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