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Track and detection for specified moving object based on

Convolutional Neural Networks

CHEN Bin"", WANG Lei"
(a.Institute of Applied Electronic; b.Graduate University, China Academy of Engineering Physics, Mianyang Sichuan 621999, China)

Abstract: The detection and track of specified moving small object is an important subject in
Computer Vision. By changing the position of the feature maps for fusion in the YOLOv3, building the
custom database including three classes, and completing the combination of classes by using Intersection
Over Union(IOU), a detector is created, which is able to detect the specified moving small object and makes
mAP@75 reach 47.41 in the test customer's data set. Combining Kalman Filter and Hungarian method, and
putting the scale information of predicted bounding box and ground bounding box, the detector can track the
object and reduce the ID switch caused by camera's fast movement. The whole system's speed reaches up to
0.109 7 s/frame using one NVIDIA GeForce GTX 1060 6GB GPU.

Keywords: Convolutional Neural Networks; object detection; object track; Hungarian method; Kalman
Filter
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Fig.4 Bounding box's prediction
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Fig.6 Process of train improved or dot object
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Fig.7 Process of train for normal object
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2 2 Mg ZRad B2 Y mAP
Table2 mAP of two nets during training

223 FEXF/IN FARBGHE 4 45 X6 LR B ARG  45 S
Table3 mAP of improved net for normal size objects

batches improved network/mAP unimproved network/mAP detection category APss APs,
4 000 34.34 41.39 aircraft 60.11 62.43
5000 44.28 47.35 bird 42.21 39.44
6 000 47.41 44.90 engine 39.90 40.18
7000 4727 -
8 000 40.20
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PR AT AR (ELA DAy 50 Y 0 45 0 e 2 A AL, MR AG N 2% o G 3 RIS O AR I ROCR WL 3. S 4 SR SRR
FHEEXS /I r eSe ik 1) 19 28 S5 74 A2 U o 72 P B2 Ok e X BB 1K 31 0.3, H =3 78 — BRI 1Y H A Az i 0 i B2 A7 W
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(14 RS T 2 5

F 38 R 4 J8 1k IR T 2 WUER B (track-by-frame) A8 7k, ARG 0 45 SR 09 I 1 2 ) B 2L BR R A RN B IR, R
SCHRHR NN AR R, AW IRE— ALk S, SEA7 a3 CALA S B 1 W, e le ) £ 4 b, 15
HORHLIY APso UL 1.27, HARZE WL 4. P i wie s 09 60 28 R BE AR A (cost) B, i ad i 4= (5) A
MIACEE , 764 2 ML B S G 00 T, TR Bt H AR — €A R SiHLAY ID Uiy 2 BE3) 0, 3T R&EM
R A ek, BARDL R 4~ 5, FCR LA 8~ 9.

F 42 PRI 2Rt B P A mAP 5 Bk R AE X 1D Ik
Table2 mAP of two nets during training Table5 IDsw with improved Hungarian cost matrix
with joint judgment without joint judgment A 0.5 06 07 08 09 10
APs 76.39 75.12 IDgy 0 0 2 2 2 2

Fig.8 Situation of Dy, with 1 &R IR R 25| T, =0.7
&l 8 7E 2=0.7 i IDgy HIIE L

Fig.9 Situation of /Dy, with 1=0.6
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Y 2% FIi9 NVIDIA GeForce GTX 1060 6 GB GPU

OReHEAT I, 01 SR8 D 4 ) U5 ) GPU e e ] L6 MMMIBEIHNM
Table6 Time of detecting and tracking

PIatt— 24 . average time of average tracking timels total average time of
detection process/s g 4 system operation/s
PN 0.109 7 0.001 577 0.102 6
3 ZFig
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BOFLG, Bhn T PR R B e AR A M . SRR AE NVIDIA GeForce GTX 1060 6GB GPU 44, 34 FF fig
IAE] 0.109 7 /i, 3B ik B B AEIA F) 0.001 577 /T, AE ML i R bR H TR ) 5 R A R
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