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Abstract : Considering the lack of public datasets for object detection based on the warehouse environment,a large number
of images containing cargos, trays and forklifts in real warehouse environment are collected and labeled to build the
warehouse object dataset. Meanwhile,aiming at the problem that the traditional object detection algorithm has lower detec-
tion accuracy in warehouse environment, the deeply supervised object detectors (DSOD ) based on convolutional neural
network is applied to the warehouse environment,and the DSOD model is trained from scratch on the self-built warehouse
object dataset,and the accuracy detection of the warehouse object is realized. The mean Average Precision( mAP ) of this
algorithm reaches 93.81% , which is higher than that of Faster R-CNN and SSD by 0.04 and 1.44 points respectively,and
the model size of this algorithm is only 51.3 MB,which is lower than that of Faster R-CNN and SSD by 184.5 MB and 43.4
MB respectively. The experimental results show that the algorithm has a relatively satisfying warehouse object detection
effect,and it has certain practical values in the field of warehouse object detection.

Key words : convolutional neural network, warehouse environment, object detection, deeply supervised object detectors

(DSOD)

P PRAS I 2 T SRR S SR ) AR TR DR — | HAE R B Al U W 4% | =712 I L Ll A DO R
REMLAS NSF U EAHEE T IZ . PRI Y 32 BEAT: 55 w2 28 O Hh B OS8R TE B R Th i L & T
T T & 2800 44 R
W R I 5532 2 A 75 A S ) A ARG DM 0 IR B 2 >0 ) ARG, I B W D2 . A G O A A 0 5>k
CNTBHFIE+3 28887 AU « 1 e S BCM AR AR AIE SR 4 S B A W AR RS A VIR A 1 5326
ik fT 025, BN, Haar-like A2 + Adaboost ﬁ“%%%m 7 TG R H TR ( histogram of oriented gradient,
W75 B #3:2019-07-05.
BEWE . SUNE AT ORI AT H (B EE KY F[2018]018) (BtIN AT BT o L8 % (BB 1T 7 5[ 2009]4002) | 5%

B N SO 2 e 3 A BHITF IS H (181wjs016) .
BINBEERE A T K B, HF58 07 1 R AL EE R ). E-mail : wangfeil0248@ 163.com




B RIVE R =4 ( TR R 419 B4 4 (2019 4F)
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Fig.2 Commonly used pooling operation principle
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Fig. 3 Example of the warehouse object labeling
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Table 1 Experimental configuration

Operating System CPU Memory GPU CUDA

Ubuntul6.04 Intel 17-7700k 16 GB NVIDIA TITAN X CUDAS.0

TEVNAAEAL Z F, FRATE 4% 4 1 (LRI A O A0 0 A8 PR B S S AL 53 A I 2 35 Tk 4 Rl i
RGN ZRIIE R AT 4 21 (9 LU BIBERL > R U 2R R R e 4. o I 2R 4R 6 688 5k, M4
2 090 5K, KUFEEA 1 672 5K.

K CNN YNGR R pst | 35 8 2 o) R A KN A BB QR 2 ) SR B A, R RS Sk o A e, (H 2
YR ZE S MR, TTEWESE 2R B )2, W2 2 R B AR /0N, 28 S S5k B e 2 AR 12, 75
BAG TR T ] A RE IR B e L.
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ASCH FRATTE R8I SRR AR R BOR &R 60 000 YR, R4 shZS IR B 24 o) SR SR s oA PR 24 > R AL
REE N (1) FIERZEAR BB (0~20 000) 354 0.1 ; HEZEFR B BE (20 001 ~40 000) 154 0.01; (3) I /5 i1k
BB (40 001 ~60 000) ¢4 0.001. [AE}, FA TR HshE A 0.9, A FE IR 0.000 5 LI it RN 5 /bl

HUEREE T % ( stochastic gradient descent,SGD) 7E H ?(7)(5) [
LRI £ A 1 MR i 4 L T 4R I 25 DSOD 150}
UL H T RGBS B K (Loss) B £ 125
IERIREL (Lterations ) Y ZARARAE &L, FATHE HY T 0~ g 75t
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33 QH;B‘\_?[ % % & ﬁ ;B._I._ Fig.4 Loss-iterations curve

TEMARAG I AT | S I AER R {8 ( mean Average Precision, mAP ) S M WA K6 I & p A0 45 110 38
TN FE bR, PIE, FRATRFER H mAP SEIFAN A SCE i P AR I 332 0 A 45 . FE AR TR) 1 25 Fniml k4 1) 4
OUR AR SCEE VLS Faster R-CNN (SSD #4717 Huise, X FESC g 25 R ank 2 P,
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Table 2 Comparison of experimental results with different algorithms

Bk BIFENESEET o= v S I/ MB mAP/ %
Faster R-CNN 2 090 235.8 93.77
SSD 2 090 94.7 92.37
Ak 2 090 51.3 93.81

HH 3R 2 W AR SCRIRAE A C A B i R B S L mAP TKE] T 93.81%, Lt Faster R-CNN 25
T 0.04% , kb SSD $215 T 1.44%. FHHALRIK/NMUA 51.3 MB, H Faster R-CNN J8(7b T 184.5 MB, k. SSD Jik
T 43.4 MB. R, AR SCEDL BRRCAT HiuTH 2 A ARSI i v Aff 1k 20K T LB |5 A2/ i T
Bl i AU F A SRR A5

B 5 #SBoetfmsilixEgeeisRE
Fig.5 Detection effect diagram of partial warehouse object test images
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