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MSRCR optical frequency segmented filter enhancement
algorithm in low-light face detection
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Abstract:In an unconstrained environment, face detection is challenging due to differences in light, occlusion, and expressions. The
accuracy of the multi-task cascaded convolutional neural network ( MTCNN) face detector is reduced in low-light environments. To
improve the accuracy of face detection in low-light environment, a MSRCR-based optical frequency segmented filtering enhancement
algorithm (3CGF-MSRCR) is proposed. This paper uses MTCNN for face detection, and uses a RGB three-channel decomposition
guided filtering ( GF) method to improve the multi-scale retinex with color restoration. Firstly, face images are enhanced by MSRCR and
decomposed into RGB three channels to obtain the image weights of RGB. Then the GF method is used to filter each channel separately
and update the weights of the RGB images. Finally, we reconstruct the face image. Training and testing are conducted on the actual low-
light scene face dataset; Dark Face and the public standard face dataset CelebA. Meanwhile, the running time of the proposed algorithm
is compared with other enhancement algorithm. The results show that 3CGF-MSRCR can effectively suppress the high-frequency noise of
MSRCR, retain the brightness enhancement effect, and improve the accuracy. Meanwhile, 3CGF-MSRCR has a faster running speed.
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Fig. 1 MTCNN network structure
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Fig.2 Diagram of light reflected by an object
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Fig. 6 Test results from the Dark Face data set
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3.2 CelebA 45 R
CelebA Z0HE 4 BB T 4 000 3K 3F 47 M 48 Il 25,
2 000 FRIEL R AE IR, AR SCEIEM e R E M 0.01,D X

B A 3,MSRCR AYH UL FRSE ¢, = 15,80,200, 3425 G=5, i
# b=25 AR Z T o = 125,25 R BB =46,
REERANE 7.3 2 Frs, MSRCR 5 3CGF-MSRCR #4J5
BHEF R R 80% LA ., B 7 o RS TR 6L
PRI BN L, AT LA ) SRIE 5 LIME f455 B 3 5 450 5
57 Dark Face R IWZAL, 1ii MSRCR 5 3CGF-MSRCR
EE i ETAIERY S € SN EE R XTI LUPN ol R FiE)
S o AR AR I Y E AR R A0 1] 8 TN, TE CelebA
g I MSRCR 15 A% 3C i $12 4 114 Ty 25 465 00 4 1 R A
AT, W7 Dark Face B4 4 b, 3CGF-MSRCR i Hf 5 5 i
X5 A REAERAE A X ; CelebA B 4E IS I HE 85 A
oA Z T?ﬁiﬁF )\HL‘% B R B S
Ejt Tﬁ%yﬁl I 5 520

SRIE LIME

() IR B LIS R HL 102

(a)Light dimming coefficient A=0.2 in the original image

—loje

(b)REDELR RS R AL 4=0.1
(b) The light dimming coefficient of the original picture A=0.1

K7 CelebA Bl EilliXsh
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Table 2 Comparison of detection accuracy

of each model on CelebA (%)
i 5005K 10003 150035 20007k
MTCNN 39.34 46. 37 48. 96 51.31
SRIE + MTCNN 48.70 55.10 57. 14 61.22
LIME + MTCNN 53.68 61.29 62.41 63.71

MSRCR + MTCNN 67.38 73. 64 81. 67 83.84
3CGF-MSRCR + MTCNN  65.74 78.40 84.56 86. 47
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Table 3 Detection time of the algorithm on each data set

( min)
BT 500 7k 1000 3K 15005k 2000 ik
Dark Face
MTCNN 542 10.67 17.01 21. 14
SRIE + MTCNN 6.86 12.83 25.15 35.09
LIME + MTCNN 10.49  21.55 32.73 42.33
MSRCR + MTCNN 6.77 12.89 18.92 26.57
3CGF-MSRCR + MTCNN ~ 7.39  14.05 21.08 27.39
CelebA
MTCNN 2,54 513 7.26 9.86
SRIE + MTCNN 4.47  9.12  13.68 19.03
LIME + MTCNN 6.24  12.45 17.97 24.32
MSRCR + MTCNN 329 6.63  9.42 13.15
3CGF-MSRCR + MTCNN ~ 3.58  7.27  11.95 14. 68
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Fig. 9 MTCNN face detection results of street
light illuminated pedestrian
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Fig. 10 Face detection results of different enhancement

methods for street lamps illuminating pedestrian
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Table 4 Parameter setting of 3cGF-MSRCR algorithm for

pedestrian sample detection of street light irradiation
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Table 5 Detection accuracy of pedestrian test

sets in actual street light scene (%)

A 1003 2007 3005k 400 3K 500 3K
MTCNN 36. 21 42.13 42.51 42.30 44.53
SRIE+MTCNN 46.14 52.26 52.50 52.74 53.16
LIME+MTCNN 48. 37 52.15 54.24 53.42 55.83

MSRCR+MTCNN 53.15 57.28 62.48 65.18 63.72
3CGF-MSRCR+MTCNN 52.31 62.76  68.25 73.62 73.86

9536 %
100
80
X
ﬁ?\{_ 60
g
£ 40
MTCNN
—#- SRIE+MTCNN
20 ——LIME+MTCNN
[ —+—MSRCR+MTCNN
y , —OI— 3CGF-MISRCR+MTICNN ,
Ch
0 100 200 300 400 500
& sk %

P11 SEBREEKT 7 5647 s S A D i 3 it 2k
Fig. 11  Detection accuracy curves of pedestrian
test sets in actual street light scene
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