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Abstract

To address the problems of ineffective detection of small objects and high miss detection rate of
generic object detection methods in complex environments, this paper is to improve SSD small
object detection algorithm. In order to avoid inadequate supervision of small objects in the train-
ing process, the feedback of training loss is used as the judgment condition, combined with data
enhancement to improve the anti-interference ability of the model in complex environments, re-
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ducing the miss detection rate of small targets. The attention mechanism is introduced in the net-
work and the SENet (Squeeze-and-Excitation) module is added to redistribute the weights of the
feature channels in the model, which suppress the invalid feature weights and increase the per-
centage of useful feature weights. The experimental results show that compared with the original
SSD algorithm, the improved SSD algorithm significantly improves the detection accuracy on both
the VOC dataset and the safety helmet wearing dataset without too much computational effort.
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1. 51§

H SRR T AL SE P e A PR TS5, B ERGE 20 R N HREE T Bis, &
—ANE ARG SRS I B AR LS A L & (0 B AR B RIS [1] . BREES S EAETS B Ak
WA E 0 TEE A JE , HERF PR AN S #5952 1 32 FF, 40 Girshick 25 A4 H /9 R-CNN. Fast R-CNN 57 [2] [3]-
Ren &5 A\ Hi 1) Faster R-CNN %7%[4] Joseph &5 A$2 Hi ) YOLO 5% [5]10A A& Liu 58 A$2Hi 1 SSD (Single
Shot MultiBox Detector) 5&3%:[6]%5 . A, /N H AR H AR A 4k -h — /> 5 2L X s il R, S B
WsE R MNEAWREEARS, SEUNBFRIR ISR G LA RAREE . /N B AR A i A v A LA
AU I — U A EOR R A5

R T AR E LA E ARSI ) BRI FRRIE X N H AR R ORBE 1, R AL
RAME. MS COCO HHl&EH R/ T 32 x 32 R & M BAw i SUN/NEFR[7], KT 32 x 3248 % /T 96
x 96 4 & 1) Hbrw ST HAR, KT 96 x 96 53 1 H A5 K HAx. Huang 55 A [8]%F B I B Al % 2
ITVRBERIL, BB B ARSI R SRR 76N B bs b RS 4 LK B AR 10 %, TR =22 T
FEARH/IN H AR 3 KAK,  BOREFM A M4 RS IR /10 T R B e & 2, (FxtT/hE
FRIEAETIA N, /N B R BESR AL B (145 2 At 2 1) 2 B ARSI R B2 —. Xfit, — RFE

Fu %8 A\[9]#2 DSSD Hi%, HIH ResNet [10]##: SSD H[) VGG [11]84Y, [FI 1 /N H bR
IRALR, I EFZ (Deconvolution), ¥ E15 5> ATE/NIRSF, {HIA N ResNet 5| Nk ZIE#SE, &
RIASMTR R, Ltk SSD SAMIE SIS . Singh 25 A [12) WM VI, 7250 21 8%, XHEdE
AT T, RILNZRREA TR )/ BARTERERT I 0 G b 5 Ee A, TR —F 2 REERIIZR )T —
—EHR R JEH—AG(SNIP), fEB IR g8 — N R BT ISR, SRR R8s, il JCR 15
B ERT, (FRTHERAE K. Lin 88 A[13]H] RS 755 M 2% (FPN) il & B 8 SR 2 8 UE B, 1Y
SRR R A P RFAEXS /N H AR IERIARE 7T, AR BRI E — e AR LR TN BRI IR, T
WEE R TUR R BESERPEAR R . R B S BIIR EEAY . BdEEA T RE0IEA 79 E
#, FIRONEESIR s A ISR A A AR

ASCHET SSD JiiE, I AR G SRR R I HLEI B — N B ARSI B, TERS I R AT 2
BEROHTHR T, SRTHRIRE A . E5E, XPUNGRIERESEAT AL, SR PR G 5 1) v I s R 0T /)y H A 11
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B DUV AR R 4 050FRAR SR o HOPINTRCHR TS R 75 46 F Vs PR AR o S AR, 25
ST R s FBR SRR T L F A, T RS R A ARG, RZMASEG:
SMII SENet BEbe, SETHABCINASAEREBUE, SUREATECNIORHE (S BAUE. ST0%5 REY, BitR
1) SSD i TR SSD ik, bR BT AL RIFHI K I AR

2.SSD B
2.1. MggEA

SSD 1) 3 ZEHF s AEAN A RO B AT A 5 1R, LR 28 B 43 Sy it o0 £ 1B g &, 6 LAl )
LRI NN T JUANREAE JZAE S B0 I 26 FH T SI0I0AS 5] )R H s DA S B T G s = A B B . i B
P VGG-16 R RFAE B U 45 Fds A e 42 )2 Br i A BARZ, LR\ RGB =l Mg, B i 2%
B 4 NMERE . PEm BARRIREE, SSD FIATEAFMNE FRHATRI, ik 1 FoR, BEEAMN
45 N2 B AR F] 6 JZ A R ) AL B (feature map) Conv4_3. Conv7. Conv8_2. Conv9 2. Convi10 2.
Conv1l 2, RsF4r5lh 38 x 38, 19 x 19, 10 x 10, 5x 5, 3x3, 1x 1, ff% Faster RCNN &k {4
SUBAR, FERFOE I AR BOAS R ROBEAS R 56 w5 LU IR SR SR HE, T i 38 AR AR K I (NMS) &5 D7 V246 th e 2% B
FRIEHIANE fr gh R

Conv4 3
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Figure 1. SSD network model
[E 1. SSD g% E!

2.2. SSD ks 4

VENSDRT IS, SSD Bk AR 1 75 sFEAT 73 KAE AL, H45E Faster RCNN A (14 s EAE HEAT
T, LR 1 SRS AE T DA A A B RS, BRI R . #5 IA SR P A, U [ )
H bR AR RO B, AR LA AL AR EK . Rl SSD Sidade B 1 B o (1 7S ANRFAE Bk AT 22 R
R, BASBRZ B RRE B LS RS B RAFP, RERERSN, SEMEUEETEFEE, &
G B AR, TERZRER SR, SRR E R NFEE, /BRI ), HRAM
% FUZR — & T2 ER AR T TN B bR RIS B .

HSR SSD KA T £ RERIAIMPLE], FIH VGG-16 1EAM LR, 3EiL Conva_3 (RN FERHE KR
S B, (HRZEBETZHERESE, —4 32 x 32 [ HirZid B Conva_3 FHIE K K/
N 4 x 4, Gt/ GRS BAELIIT BRREAT I . 55 —J7TH, BACRA T /S ANRRE BT T, (H2
REAE SRR 2 (R # R, b b, BRI IRE S R RHE R TR B Re B, OgEEZn
SOEFIGITE R, EEEIEERALE, MUX B 5, e R R0 PERAEE E REE,
BB TR P ER T RELIMEL. FN, JRZRHER S KEEE, AR EE T F W25 1A
Wit B 20, FUdEaSEEENEE, ARUAIAEE, SSD HikHEAEliE L TERE
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KiE. 45k, SSD HETESLRMN AR T, ST/ BARIRT I 2R A H AR
3. EiEmuift
3.1. ¥iEiEsE

Mosaic J77%[14]/2 i Bochkovskiy 25 A$2 H i — R a8 50 57k, AT RLA{E Cutmix [15] 57512
HERR . Cutmix FEXT— ik UGB TERME, TERFIGSRIAG LBENLAE le— AN EBTAE, 7ERBTHE N IH AR I 45
W e BE TP R AL B R, W ARSI ZRIRCE . T Mosaic J5757E Cutmix JEAtE I #5K 14,

ik 2 fos, RA 4 SKIEGEHTIR G, WOCRERMEE TIIZGERGRTE FULETXER, wTE—Ek
JERRAR/N B AR IR, (RN 4 5K R IR & (845 mini-batch AT EACK, AT FRAREEAF 755K

Figure 2. Mosaic data enhancement example

2. Mosaic #i##z1g5% {5

3.2. &t

FARFE LS A tp SR B AR T LAY, PR R S Sl bn &, 2 P K 5T/ 4% . MS COCO
Bt rh e /N T 32 x 32 KM AR/ B, /N B bR BARGRARE WL, (HE A 2R AT T
MS COCO #flafkr, 7 41.43%) Hbnsg /N AR, ik T HARP A RER Hbr. 281, &/~ HARH
BB R S INZREPT A KR 51.82%, 10L& KR H AR AT 258 RUZ H AR BR300 70.07%A
82.28%. it ul, IAMIPE T, FRRKKE D HAREGE /N HAR, ERJLT R BB AL SN
HARE) o XA INGRAEARA AT, it SEONGRATT, ™ EIEAS TR A e, Ik, HR84
B B 1Y 9 1 SRS I R R v 26 e X RSP . MR 2R AR b R /N H RS ET 23 S st — 5 45
RHATACIRBN ), TR —dRE T, /B AR otiR BRI AR, IR oK, IIZREF fRE X Tk
AR AR B AR B, X LR — A LA, ARGE /N H AR T SR 2R S AR R LR R AT
grfitt, wlsl 3 fros. Boedtuasild d, KA/ HARTTER AU 5 S35 B EL /20 52 BRAE p(BD
FORRIGERN BARZ BRI ME A R), WE d + 1 JOSCRABEIE e &R, ez, MERAR
R R A RERE 2R 8, 2 2 RARBHENBEX L, 0.1 &NEIE). X+ HEr o,
FLTAR So W] A ABA T B0 L & 96 i < B ho x wo, S 7R d AR /N HAR, MS COCO %t 5241
SEMBUNT 32 x 32 () HAREI AN AR, LN d YOERT /N BARIIEAHIR, L' A5 d YGRARR IR0
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Figure 3. Training optimization pipeline

3. NERALTRIZE

3.3. REMK

SENet (Squeeze-and-Excitation Networks) [16]/2& Hu 25 N\ 4541 2 I HLEI R H i — Rl 48 454, Hu 25
N EAEAER A IZFAS ImageNet2017 SEIREME AT 2 . XML IO BAEE T, g 2= 2 7 =,
BRI 265 A — ANRRAE BT ) B R, 1 PN 45t P DA X S B R P AR T FH (R AR T
TV I BANHI T M A0 5 AN R IS B 2. MNRRIE X, G — RAIEH AL EAE S 2RHEE
EHCN C FHE Ue B X HFE U BT 46 (Squeeze) BB, g 25 IRV 4EFE M TRAE IR 45, 15 B@E 211
AJRFHE, XANRHERMRE R ER &SRR, H 0 4E R S N R O VTR %%/Tffh
AEGRTE b SR 4x R Ar A, AT RALR ARG 2 3R AR B 9 A T (RS2 Y o 1T 5 EAT WU (Excitation) 24, 2%
BEANBEZ MR R, BEBE S w AGARHEEE A A E . 55 H TR E N E R 2R, 5ER TR
TEAERE EXTTHRERE SR, SRR T &N TE R A ) e

R, 25 S 3 SSD HEM AL AN [R] FdE X Ty H AR RS A5 6 AN R g2, m] DA3dE i 3 58 A 2K
TTERIRHERCE, H0HITC RSO TE R RHERCE, M SSD Bt T/ B AR ARG BE . it LU BEAE
Conv4_3. Conv7. Conv8 2. Conv9 2. Conv10 2. Convll 2 ZE2 JGHN SE HHL IR AE ] (1) 48 i i i
BATRCEE S, SUdEmEREE 4 Bios.

4. SEEE

SEIGSF AR A RACE . Ubuntul8.04 #:F R4, T Pytorchl.3 MEALIEHSLE, GPU ERAEN
RTX2080ti, A7/ M SEIn R, KHMELHIEEE, 5754 Pascal VOC #di£E LA & SHWD H#E 4 (T
Mg S AR AR AE), o, Nl A LA S TR A T R s R R, 3 H VOC2007
VOC2012 i EINGENENIIZGE, £ VOC2012 HHE4E 1N L7k, SHWD SRR T
F T 22 A B IR N Sk Aor M (0 &5 d, G 7581 sk KR, Forh 9044 ANl 8 22 4> 8 AL AR 111514 AN IEH
SLAREA

SEES R VOC2007 ¥ 4EF0 VOC2012 Hdia St A7 4k, el H 5T LA U ERAAT 1 H Astar i 7 vk 32
fr5ttt, 335 YOLO #5%1. SSD £#5%1). RCNN #41, 1] LUE HEERSFRS S 2] 7 A 8t m, e
1R,

DOI: 10.12677/csa.2021.114109 1065 TR 5 R H


https://doi.org/10.12677/csa.2021.114109

K, B

Base Fee}t{ure Layers

Extra Feature Layers

'3 N . g
—
\ \
\ N Conv4 3 [ e
\\ DT |
v ) Conv7 1
RN N Eal
— —) |\ 1N\ A SE
: NENN =
=] o\ \ g Z
& I \ N\ &l —» =
o | : 3N é\ \ ‘ g 92]
Kc‘mvi l [ \ Conv10_2 =
\ 300 o ‘\ Jd 1\ \ \—
«% ' \\\ \ 9 [ \\\ Convll 2
\ 5 \ \|| \ §O
\ U\ P\
| | \_| - L
3 768 1024 1024 512 256 256
Figure 4. Improved network structure diagram
4. B RHIM LR L E
Table 1. Comparison of mAP indexes of several target detection algorithms
F 1. JLA EARN B E mAP feRXTEE
HILARER EVE/TES Map (%) BT M
FastRCNN 07 +12 70.4 VGGNet
YOLOv2 07 +12 73.8 DarkNet19
YOLOv3 07 +12 77.9 DarkNet53
FasterRCNN 07 +12 73.7 VGGNet
FasterRCNN 07 +12 76.5 ResNet101
SSD300 07 +12 77.6 VGGNet
SSD512 07 +12 78.5 VGGNet
DSSD 07 +12 78.6 ResNet101
Ours 07 +12 80.6 VGGNet

ARG RIREEn% 2 iR, 78 VOC2007 BE4E FHETI0UE, AUt SSD Hik 5 R 5ikxt
oo AILAAS%0, ol s RBERLZE bird. bottle. plants. chair Z5AR[F]/N H A58 5] EAREL TR SSD SE4A

FEANFIRERZ 8 o

Table 2. Comparison of different types of AP indexes
2. FRIZEHE AP fEfRxTEE

B BUESE mAP(%) aero bike bird boat bottle bus car cat chair
SSD 07 +12 77.6 79.9 85.1 76.1 71.7 54.0 85.6 85.9 87.1 58.6
Ours 07 +12 80.6 83.8 87.7 79.1 75.2 59.2 88.9 87.7 88.3 64.2
cow table dog horse  motorbike  person plant ship sofa train tv
SSD 83.6 76.3 85.2 87.3 86.2 79.1 50.3 78.9 77.6 87.5 77.1
Ours 85.0 77.6 86.4 88.6 86.8 81.9 57.9 81.7 82.1 88.7 81.2
DOI: 10.12677/csa.2021.114109 1066 TR 5 R H


https://doi.org/10.12677/csa.2021.114109

K, B

K 5 2 J5 SSD Sk AU FARI MOR X E, WTLLE Y, JR SSD 55324 T chair. bottle. plant %5
ARG BRI R S, IRk AR B, TG A ) SSD Sk — R LR T/ HAR it =, JFH
FETT TSI HFRAIREEE o

Figure 5. Comparison of SSD algorithm and improved SSD
algorithm

[& 5. SSD B MR S5ekidt SSD EIAM R

B T AEbRHE AICER SR T REAT AL, O 1 D IR T RA I SEbR RN A R, AEAR TR SR I3 R 52T
i SHWD #E 4E vh i) 22 MR RS AT I 25, KR pE RN EAT I, KR bR anae 3 B, w]
LAt B0t SRR 2 s B LT RS RO B T SSD RVEARY, R E VR 22 4 M8 2 75 i 3 ) i e
UL, REHGZZ w1 IR SSD Bk . Wikl 6 fron, ¥ 6 AMARR i SSD kiR, K 6 Ak
/R SSD FEACR . MK 6 TLUA Y, Tl PO E , JR SSD Sk 5 IRl 4 1 e A 6l
B E bR, EAETTRER NP B2 SRR T IR A, TSt SSD FVEAEME RS 15 5L T T3 AR e Dhs: Il 2]
GEIVASE

it BIRSCIWIAT, ASCHR M Gt SSD FF AL AT I 50, — @ RE I L RRAR 1/ B AR IR s
R, AR AR B R, 0T/ B bR BLRGEESS H AR A I RCR B i, R SERRIR R T3 5 R e
AT, thagmeizEa M, Ba—ErselmnE.

Table 3. Comparison of two methods in construction site
3. TR S T ARG AL

AP (%)
AP MAP (%)
i 782 2= A2 4
SSD300 86.5 87.6 87.1
SSD512 87.7 88.5 88.1
ours 90.6 91.1 90.9
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Figure 6. Comparison of two methods in construction site
6. THAR T A EMRITEE

5. &5

ASCER N AR I RCR A IR S A W L, X SSD Bk AT B, A/ AR IR 5t

PIN, WERIGEARL AR 2% 0 LEBEAT B, 56— S ludle i 9y i o 7/ AR ZRRCR, et
SR SATT AZBEASTH SO0 T B TARIIRCR . R o 5]\ SENet KBk, 7260 IE 1A (17 &
JIIFEE STETE 2 (B AR A, 02 A RHEIEE BEAT BUE H 0 e, e Dt ) SSD S/ H AR K4S I
ROR EASE) TAR KA TR, (R A2 2 AR I e £ ERIUIL R, £ Sbnip it T AR —E RN AN (E -
ARG GRS TN Zrad FE RPN 2% 5 K T 4 LS 2 ROBERI T TN T, oKk — 2D F ks i .
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