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Low-Resolution Face Detection Based on Light-Weight Scale-Adaptive Convolu-

tional Neural Networks
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(1. College of Telecommunications and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing
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Abstract: As for low-resolution face detection in real-world video surveillance, achieving balance in terms
of speed, accuracy, and memory consumption is of great importance due to the hardware constraints.
Towards the problem, inspired by the more recent RetinaFace this paper proposes a light-weight scale-
adaptive deep face detection model, termed as DLFace. Firstly, the improved depthwise separable
convolution can effectively prevent information loss during training. Secondly, the improved deformable
convolution is introduced into the backbone network and single stage headless (SSH) face detector, so as
to enlarge the receptive field while also to adapt to facial changes such as expression, pose and so on.
Finally, a Lambda layer is introduced in the high level of the backbone network, attempting to effectively
explore the semantic and location information to form a richer representation of facial features.
Experimental results on the WiderFace dataset show that DI.Face has achieved a comparable or even better
performance than existing light-weight face detection methods. Meanwhile, DIL.Face also achieves a better

performance balance than most of previous methods in prediction efficiency and effectiveness.
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ARSI AE Py Torch ¥R B 2% > HE JL T X6 52 AR N TG 4G I 8 84 28 47 U0 2 , Il 45 4 2 i WiderFace
s A o A U 8E o D078 0 T BE ALBE BE R B35 L 4t B K/ (Batch size) 8 32, W1 4R 2% S R BN
0.001, A 3£ 9 1% & 4 0.000 5, #E £ 3 26 190,220 Y Jj I , 2% > 853 51 T B 10 4%, e & 25 250 W
TN o K I 25 J5 45 3 /) B AAS i FH 1 50 0IE , 36 UE 4 % FH WiderF ace 2040 46 v 1 56 1E 2040 | 5 )5 15
BT A 05 G AR T B rp A L TRME AR B B0 R RS B
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Fig.8 Pictures in WiderFace dataset

3.2 Mg

S5 AR A8 TR 5 B A TR #E 3 (Precision) 1 1] 2R (Recall) .

(1) L0005 A 3 2 /s G 0 HE A N 2 TE A M A3, =X (17) s, v TP 37 G DN i 4 A6
S AN TE AR 000 TEREAS B ECH | FP 2 o5 e 0 25 K A D 380 (g A R T A REAS B B H
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Precision = ——— (17)
recision — TPJ,»FP
(2) %4 15154 7 TE KO W s 9 A0 2R o5 S P K0 380800 HE ), I3k (18) B , JEoft FIN e Ko

R A G 3 By A DR TN R IR R A BB
TP

Recall = — 13
T TP EN (18)

V5 TR A Ry 2 B, A I A Sy oy Bl AT AL, 45 31 T PR(Precisionrecall) i 2k . ey 24
7 S AR G, ARSI 4 0 P AR B A it b B RO o 7 H B0 BE (Average precision, AP) B iy
PR T 75 1 AR, A I 0 PR AR R 4T, AP (B BR =
3.3 LWHER

T Bk DLFace B W7 UL 35 8 L 5 B H v BR B0 DL S 7 42w Ak i AR R M O T R AT T 2R Gkt
oo R 1HR, 1 e WG T W 45 R R AR K/ )5 i df A7t 4. % 1 +F DSFD!'"  Retina-
Face (R)""/A I 46 10 5532k 44 il FH )2 2500 4% 10 Y4 2 9% 7% I 46 ResNet. L, DSFD fili i ResNet152 1l
BT P 38 Sk R TR AR 1 SRS A A B R AR 1 PN 2 2T B BT 2 3 SCR BN SCfE R, O A0 B 1 o
AT . A T B A Bk, DSFD 7F WiderFace 45 R~F A Y3k 45 T el 45 5% (B2 i T
I 28 5o TR, e 245 31 i A R AS A AR K, ANl 4 o T W00 A 45 5 0 il 1% %5 . RetinaFace(R)
i I ResNet50 1 4 8 1 M 45, i T4 % 7 vk A 00 5 1938 A H A5 K 0 9 4% RetinaNet' '™, 3 5% JH FPN'
FI SSH &5 #4 Jnig X} 22 RO FRAE 0 32 T, RetinaFace (R) A R T PE g LIS T ANESE A9 45 5 . A0 LT I At
K VGGL61E R T W45 B A6 57 , RetinaFace (R)7E AT b FH_ LA 3.

F1 ARARENTENEETLL

Table 1 Comprehensive comparison of different face detection methods

RS/ %

Ak CRNCES FEBRIFL R /N /MB T P ——
DSFD ResNet152 458 96.6 95.7 90.4
PyramidBox VGG16 516 96.1 95.0 88.9
RetinaFace(R) ResNet50 104 95.5 94.0 84.4
S’FD VGG16 557 93.7 92.5 85.9
SSH VGG16 280 93.1 92.1 84.5
HR VGG16 478 92.5 91.0 80.6
CMS-RCNN VGG16 — 89.9 87.4 62.4
RetinaFace MobileNet0.25 1.7 90.7 88.1 73.8
MTCNN P/R/O Net 11.1 84.9 82.5 59.8
LDCF+ — — 79.0 76.9 52.2
Faceness AlexNet — 71.4 63.4 34.5
A5 MobileNet0.25 34 92.1 89.7 77.7

CMS-RCNN'"' HR' |SSH'® | S*FD" I PyramidBox""" & Il 5 2= X1 Fl VGG16 7E J & T M %%,
PyramidBox i i #% T I )2 FRAE 4 T3 Rl A L F SCRRS FRAE , 32 TR AL 78 4 RO RS i Pk g L (0 2
HFHEH VGGL6 R E L S8, B 8E Z W17 i A . SFD M SSH 12 5l Be A A6 5%, FL G
PEBEAH L {0 SSH B L AE A I BT A DR 3 . HREZE L TR0/ I3 1 Y, 38 2 A RUBEE AN AR (5]
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800 B R M LT SCE B 3 J7 Xk /N A I R T T IR ARG, (HRE R N A R, SN A
CMS-RCNN Jg fE — 54 19 [ B A I A 30 530 325 , 52 T B BEad T H A e 0 45 0 &, 3% 07 W A 0 NI B R S A&
SR 22 ]ORN A, AH HE T IR0k 12007 R AR 2 U T Bl AR

MTCNNR P54 85 R0 Gk I 4% 52 BB AT o 3 5 224 45 I 260 X 1 sl v 100 B ey
BRL A BT TRONAE S A UE F AR BE R AE /N RS AR E45 R AR U5 B4 . Faceness 'SR H
AlexNet 1 F [0 2 52 HORRAE , 6 AN 8437 23 26 4% X0 ARG #EAT T 20, SR 101 050 45 21 O R LR IX
S AFE T AN E RS R R FRAE . LDCF A+ e —— AR IR ok 3 0 X 55 2 o B AR R 4
FAY I, T B T B SR SR R ) o AH L TR RE AR R TR T IR R LR A ) TR IR T A
A7 PR B R b [ A DA IR P R AT A L 0

A SCHE Y DLF ace fff F 2iclE 5 9 MobileNet0.25 45 8 T M 4% , # Lt T RetinaFace {Uf 1.7 MB
R AF , DLFace i A7 7 I8 3.4 MB, 22 B8l 51 A DONv2! M R 175K T 8 2 2 80 At 5 e
{HJZ DLFace # kb RetinaFace, il 14 8 /£ WiderFace =/~ F 4 B4 52T 1.4% 1.6 % F13.9% , H DL~
Face i) I 25 R F 6 VGG 16 4E 8 1 [ 4% 1) HR 8k fg 40 o X £ 2R O 51 A Lambda JZ /5, il
SR R CERR,EE T ACEANE AEE 51 A DCNV2 584k T X F /NG RRAE 1RG0 fb 42 L. A SCER
(8977 35 AE N AT i FHRVRS: DA 15 R IR 1 -

%I BRI SRk TR R T R ) X #2 FREENSUE GEHEN W E L
L TRTEN B T E , A LA MTCNN  Retina-  Table 2 Comparison of the number of parameters,

Face . RetinaFace (R) .DLFace B %l f 2 ¥ & & computation and inference time of different
PR T 54 4 U TR L 2 2 B Algorithms
FLOPs 2 & B U7 1007 1508 50 080, 2 5t Az ok S/ FLOPs/  SARCE AR
SRR A, 8 0 2 B o R B L T LA 10 10 I s
e § MTCNN 0.5 0.77 85
i MTCNN i F U T 3 4 ] 5 10 S 056 N 2%, 35 Retinal 044 Lo o
- . etinaFace . .
EEE R R BT ARE ] B B OR .
i RetinaFace(R) 27.29 44.52 240
FAIC 2 $ it , RetinaFace 75 2 50 #1724 #E Wi i
DILFace 1.36 1.58 66

[ 3 F L . RetinaFace (R) i1 T {#
ResNet50 1E Ay T W0 £ 76 4 0 45 5% T WCAS 1 B pn 34, (5 J2 2002 LURG 42 Bk [ /0 4 47 25 18] AR A . AR S
$2 19 DLFace T 51 AT DCNv2, S50 M F A & ¥ /N E i B & 5] A Lambda |2 75 — &
FEAR 78, H DLFace 195 24Kk E] A 66 ms, SEiH P84, 38 DLFace 28 & PE RE e il o

R T 2 5 E SCH 4R A DLFace SR A B E 4T T IHALSESR 25 R NR 3R . K3 141
S R 4G MobileNet & T M 4% 1 RetinaFace 245 8 . 45 2 21 3% F ot ¥ J§ MobileNet B T W 4% 52 4
gE . 7E WiderFace B0 AW F4 I APE AN ELEE 1AL 43 B4+ T 0.1%.0.2% F10, U ] Leaky-
Rel. U ] Ak 3 AR AF SR BUS B b5 BB, 28 S M /EH T M4 5] AT Lambda J2, 78 Wider-
Face 46 8 A [A] 74 B9 AP(EAR LSS 2 25 73 5142 T 1 0.6 26 ,0.6 %0 F10.7 %6 , 78 3T AN [a] KU A K
R TR RAR Y L X R A TE T R 4% 5 2 5 A Lambda 2 5, A S0 SRR R SCE R R 4R T
0 R AT ] v A T SO A L SR TR R R SRR Sy . BB A A4S IE TAR 3414, 7E SSH G
B b 5] AT AT AR JE % BUDCNv2, 76 ANl F 4 L0 AP (EAH HLES 3 240 [ 45 43 548 7+ T 0.3% .0.7 % A
1.7% 38 T e i 19 2 /N RS B L 3% J2 ROl R AF 26 5 SSH A IR B )5 P 285k DCNv2, BEF — 25 X 3 18
PRI IS 0 R AR FEDRS i AL B IBCRRAE o A0 L T RS I /NRGSE AR B9 28 A A B, 3206 B GBS P4 45 R 2 1Y
M T /N o PR TN LA R B A TR R B RE R A R A BB S A T AW
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% OTEH T MBI AT DCNv2, 7EAN A 75 1A AP (AR ELEE 4 40 W 24 4y B4R T T 0.5% .0.3% Al

L.5% , 3 T+ fe o (A7 S /INRUSE AR 302 Bl B 1 I 4% 34 B B AR JZ 51 AL DCNv2 J5 |, 9 45 32 Ui

AR BT I B 2 5 8 T AR . DCONv2 78 19 R JRAZ BT 14 5] i 42 TF 4T 45 RSF I 45 4F 19

PLERE ST AHE T RBE /NI 72 R AR 42 O B v 5 TR TP B et /N M RE SR T i 2 . S5 4l

W26 7E 3Fh AL Fr b R RS B2 343K B T E A, B WA SCER T DL Face 4544 (4 & B LA 20PE
%3 BIATELEMIEE WiderFace b5 Bl L1

Table 3 Ablation experiments on WiderFace after introducing different structures

ID  I'MobileNet ~ Lambda/zZ  DCNv2(SSH) DCNv2(Backbone) —— AkP/% -
FERAE P& EMESAE
1 X X X X 90.6 87.9 73.8
2 N X X X 90.7 88.1 73.8
3 N NG X X 91.3 88.7 74.5
4 NG NG NG X 91.6 89.4 76.2
5 N NG NG NG 92.1 89.7 77.7

&1 9 4 DLFace 75 /N H AR b 9 R0 25 28, vl LA
DLFace A] LA &K H 52 2% 37 57 b i N H A, O HoBE
ARG it R RASE AR o 22 RUBE R 8 285 0y 4 7 I
A6 0 X L, 6 W] DLF ace BEACLF b W 1] T 040 W #5537 5%
AR A AT 55

T B ELW M R 7R DLFace J5 2 (9 {45, AR 30K Reti-
naFace Fl DLFace (£ 0 40 58 R0 R 47 7 %F L. B 1024 e : -
RetinaFace 1 DLFace f % o o g ogeqy 19 DLFacclihih MR Liommicn

Fig.9 Detection effect of small and medium tar-
PLKOE BA AR T BT L g5 8 . B a] BUE Y, Retina-
Face 76 /NG G 55 43 38 449 70 3R 1% A2 Ak L ZR LIS T A4
B 25 5 (H 2 A T DLFace b f§ W {5 . RetinaFace 76 % % /MG FANTFTEAR 2K, 0 THES LB E
A I R AIE A 42 HURE ) A F8 82 FF . DLFace B FHIA T DCNv2, W48 78 X5 A ¢ AiE 2 ik 72 v 2% 18 )
AR AL, 42 WU RRAE B 0 2 5 55 A0 NI Fe B b, 6 T /N R D R 4R T G B . [RIET, DLFace B
F 51 A Lambda JZ , 75 5 J2 FEAE o [5] B 3¢ 0 i SCRI A7 B A5 8., I Ry b F STz (a6 &R | By 07 A5 D 4 A
A6 0 1 BE 4 T

4 HRIE

B o AL A 47 7 5 T AR A TGS T ) A, AR S A R RUE AR A A A Y DL Face.
T JE i % RetinaFace 83 , 6 T it i (9 % 52 AT 23 25 4 AR AE 8 B 1L U 2o 7 rP 5 B 25 2% 5 LR it s
{14 ] AR A BT LA T 46 A SSH S I AL B, 308 5 1 58 J 52 B3 102 G 22 PR 3R AR Ak 5 i A B T R 4%
5 251 Lambda JZ , A7 88042 9 1 SCRIAL B A5 B, T2 B 4 55 iR AIE R 78 o 7 WiderFace $U4f 42
RS ER A5 R R W], DLFace SE 8L T GE A BE 1747 , 76 [F 37 5t T ¥4 IE T DLFace B0 B , B
DIFace e84 i ] T W00 M 45 37 5t T RO LI A AT 55

2

gets using DLFace
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Fig.10  Detection effect in different scenarios using RetinaFace and DL.Face
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