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Multiscale deep features fusion for change detection

Fan Wei, Zhou Mo, Huang Rui

Ciuvil Aviation University of China, Computer Science and Technology, Tianjin 300300, China

Abstract: Objective Change detection aims at detecting the difference of the images captured from same scene in different
time observations. This condition is an important research problem in computer vision. However, the traditional change
detection methods, which use the handcrafted features and heuristic models, suffer from lighting variations and camera pose
differences, resulting in bad change detection results. Recent deep learning-based convolutional neural networks ( CNN)
achieve huge success on several computer vision problems, such as image classification, semantic segmentation, and sali-
ency detection. The main reason of the success of the deep learning-based methods is the abstract ability of CNN. To con-
quer the bad effects of lighting variations and camera pose differences, we can employ deep learning-based CNN in change
detection problems. Unlike semantic segmentation, change detection inputs image pairs of two time observations. Thus, a
key research problem is how to design an effective architecture of CNN, which can fully explore the intrinsic changes of the

image pairs. To generate robust change detection results, we propose in this study a multiscale deep feature fusion-based
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change detection (MDFCD) . Method The proposed MDFCD network has two streams of feature extracting sub-networks,
which share weight parameters. Each sub-network is responsible for learning to extract semantic features from the corre-
sponding RGB image. We use VGG (visual geometry group) 16 as the basic backbone of the proposed MDFCD. The last
fully connected layers of VGG16 are removed to save the spatial resolution of the features of the last convolutional layer. We
adopt the features of convolutional blocks Conv3, Conv4, and ConvS of VGG16 as our multiscale deep features because they
can capture high-level, middle-level, and low-level features. Then, the Enc (encoding) module is proposed to fuse the
deep features from the two time observations of the same convolutional block. We use “concat” operation to concatenate the
features. The resulted features are input into Enc to generate change detection adaptive features at the corresponding feature
level. The encoded features from the lower layer are upsampled twice in height and width. Then, we concatenate the deep
features of the previous layers’ convolutional blocks. Subsequently, Enc is used again to learn adaptive features. By pro-
gressively incorporating the features from Conv5 to Conv3, we obtain deep fusion of CNN features at multiple scales. To
generate robust change detection, we add a convolutional layer with 2 x3 x 3 convolutional filters to generate change predic-
tion at each scale encoding module. Then, the change predictions of all scales are concatenated together to produce final
change detection results. Note that we use bicubic upsampling operation to upsample the change detection map at each scale
to the size of the input image. Result We compared three benchmark datasets, namely, VL_ CMU_ CD (visual localiza-
tion of Carnegie Mellon University for change detection) , PCD ( panoramic change detection) , CDnet (change detection
net) , by the state-of-the-art change detection methods, that is, FGCD (fine-grained change detection) , SC_ SOBS (SC-
self-organizing background subtraction) , SUBSENSE ( self-balanced sensitirity segmenter) , and FCN ( fully convolutional
network) . We employed Fl-measure, recall, precision, specific, FPR (false positive rate), FNR ( false negative
rate) , PWC (percentage of wrong classification) to evaluate the difference of the compared change detection methods. The
experiments show that MDFCD are better than the other compared methods. Among the compared methods, deep learning-
based change detection method FCD performs the best. On VL._ CMU_ CD, the Fl-measure and Precision of MDFCD
achieve 12.2% and 24. 4% relative improvements over the second-placed change detection method FCN, respectively. On
PCD, the Fl-measure and precision of MDFCD obtain 2. 1% and 17.7% relative improvements over FCN, respectively.
On CDnet, compared with FCN, our F1-measure and precision achieve 8. 5% and 5.8% relative improvements, respec-
tively. From the experiments, we can find that MDFCD can detect the fine grained changes, such as telegraph poles. The
proposed MDFCD are better in distinguishing the real changes with false changes caused by lighting variations and camera
pose difference compared with FCN. Conclusion We studied how to effectively explore the deep convolutional neural net-
works for change detection problem. MDFCD network is proposed to alleviate the bad effects introduced by lighting varia-
tions and camera pose differences. The proposed method adopts a siamese network with VGG16 as the backbone. Each path
is responsible for extracting deep features from reference and query images. We also proposed encoding module that fuses
multiscale deep convolutional features and learn change detection adaptive features. The deep features are integrated togeth-
er from high layers’ semantic features with low layers’ texture features. With this fusion strategy, the proposed method can
generate more robust change detection results than other compared methods. The high layers’ semantic features can effec-
tively avoid the negative changes caused by lighting and season change. Meanwhile, the low layers’ texture features help
the proposed method obtain accurate changes at the object boundaries. Compared with deep learning method, FCN, where
in the input is concatenate reference and query images, our method of extracting features with respect to each image can
extract representatively features for change detection. However, as a general problem of deep learning-based methods, one
should use large volume of training images to train CNNs. Another problem is that the present change detection methods pay
considerable attention on region changes but not on object-level changes. In our future work, we plan to use weak super-
vised and unsupervised method to study the change detection to avoid using pixel-level labeled training images. We also
plan to study incorporating object detection in change detection to generate object-level changes.

Key words: change detection; feature fusion; multiscale; siamese network; deep learning
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Fig.1 Framework of multiscale deep feature fusion based change detection network
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Loss == [yln + (1 = )In(1 = )] (5)
2, Loss FORMIAA,y FREURIIREAE , y Fon
T 25 5RAH
MDFCD R ] 2 451 2 s, AR5 20 (5 ), 733l
XP53.4.5 EH T El Py P, Py B JE SRR
Lossy \Loss, Losss , FEXTRlE 5 B B0 (8] P 3K M Rl
K Loss;c MDFCD A (1451 2% by AN ] R X iz )
PRI ARINAG 2], B AR5 2K Ny
Loss = Loss, + Loss, + Losss + Loss, (6)
2.2 mWE&ilSk
] VGG16 HIMZESHO & 1 H MDFCD 25/
P& Convl—Conv5 Fif 5 NIRRT HIAR L
SEHA AR 28 )2, 40 Enc B rp i 3 T2 B350k

FAYIME R O FRAEZE N 0.06 [ IE 2540 1 15 W
A0, X6 7 A T 25 SR 1 BUZ S8 IR IS(E R O
PRifEZEN 0.3 MIES TR Ib . & 1) i
4 2] 30 0. 001, Fifi 25 32k AR KB B, 24 ) R A —
IR —45 /0 1710, HEALBRECR N 16, s hy
0.9, ffi ] Adam AL ZSHATMESEE B, N T
kIt A LA 5 X O R EAT A SE R B, A
25N 30 Yk &L

3 %X W
3.1 HiR%

% VL_CMU_CD ( Alcantarilla 4§,2018) .PCD
( Sakurada A1 Okatani, 2015 ) #1 CDnet ( Wang 4%,
2014) 3 AR AG I B gl SR E AT 25 . PCD & —A>
45 A8 Ak D K 4l &, 4 Dy TSUNAMI FI GSV
(Google street view ) B~ 4, TSUNAMI T 440 &
100 XFIAEIH 529 DX AL f At ], GSV T4 5% 100 X
witE R eRE . VL_CMU_CD 2 W TR b E AL
B VL _ CMU ( Badino 4%, 2011 ) % 3% £E v %6 BU A
152 XSRGB G  51 20 55 1 s, FH AR AIF 5 38T 2 WL
A, CDnet 52 HI T2 A A IUAT: 55 1) R B LS 37 5t
PR , A0 35 11 A BAT PR AR ) 37 5% 2 3ol
53T, AEERAETEE R AL 1,

F1 ZHEEFAREE
Table 1 Details of the datasets

Blise  EERE AHER/BRER R UGS DK
pPCD 400

1024 x224 2015 16000 80
VL_CMU_CD 2724 1024x768 2016 16005 332

CDnet 159 278 720 x480 2014 40 148 10 061

HT TR B R 4 i 2R I ZR B, ik 31 B
RN GRBOR X o Bl s T AHRE 9 f . A VL
CMU_CD #da e, 5k FIE S A B e 1 5 200 2
3, AR DI Fr ML IR Z 5 BEHLEE S X6
AEAT B, AR AL 5 AR A X S [ R % . PCD
Bt b, BRI R Y8 Ll K, AR TR 5 =
BEMBRAT R, BT AR — € 1 1 98 LU R R A T
BERLEDT , AR 2H B fBoxt i 35T ) 50 2 7 R R
£ CDnet $dli 8, WA Bedla i rp BB 1 i
BAENSHEUR, HAREGRYE A B R TE A &
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X5, T A EUR R BSOS | R R A T 5
P, BT RS W 4 i 5 448 x 320 AR R #EAT I 5
AR, e ER A, FEPLIE I 80% my &I F T
Y%k MDFCD , 4% 1) 20% F Tl & £ &b
VI 2R AN A Y B B W 1,
3.2 FEEAE

% F SC _SOBS ( SC-self-organizing background
subtraction ) ( Maddalena #l Petrosino, 2012 ) . SuB-
SENSE ( self-balanced sensitivity segmenter ) ( St-
Charles Z£,2015) . FGCD ( fine-grained change detec-
tion) (Feng 45,2015 ) #11 FCN (fully convolutional net-
work ) ( Alcantarilla 2%,2018) 4 FpZsfb & A BIVE K
XTI, 78 VL_CMU_CD ,PCD HI CDnet £{45 4 I
HEAT 5%, SC_SOBS HI SuBSENSE 7t 74 46 45 I &
HEE R4 CDnet | AL 53R, FGCD sl AHPLA 2
REEFIDEIRA AR FF B ZE U A I P IRAT T R
UFRICR  FON SR TR BE 28 X A2 A DX Sl A 7 v 2 i 11
2727 I H R AR A ASHI SR A Ry S i ARSI 7 125
3.3 iRk

RHZEG PN AEAR F1(F1-measure) (1 [7] 5 R
(recall) F&H5R P(precision) 57 Sp (specific) |
fRIE |8 FPR (false positive rate) i 1 | & FNR
(false negative rate) FlliR432E H 43 PWC ( percentage
of wrong classification) 7 NPEMFERHITE R0,

F1 . Sp fl PWC BAKE R

2P xR

Fl1 = PR (7)
TN

P = In 1 Fp (8)
FN + FP

PWC = x100%  (9)

TP + FN + FP + TN
K, PO, R A 1156, TP S EAEBIANEL, FN
B BIAEL, FP R EIE B, TN B B4
3.4 ZHRER

AR 7 e VL_CMU_CD s % F iy fb A
R g5 a2 2 A 2 iR, #]H MDFCD B i)
F1 =0.791,P = 0.771,Fbfi T4 2 i FCN(F1 =
0.705, P = 0.620) 43 W55 12. 2% F1 24. 4% , Hofth
3 ROk F1 R PAE#S A #E3d 0.2, MDFCD #
TR R S BOE B R R 53 25 A 4 e 3 00 T 3L
A AR, K2 AT LA H, FON XFAR L X 38 1)
R AR I A8 T 3o 3 FhfL g A b i, 2
Mg 5 1) 6 BRAR AR B AR fE W iR il /) i, FCN
S BUERR ORI 25 . anl&l 2 25 1 17, FCN 24
M 1 RIS, 7655 3 17, /b AR AL X
WA FCN K E], i MDFCD GEM% 1 #ff 4500 21 40
ML . FEAEAL AN Jy T, MDFCD [ #f 5 ik — %
WEE 2 4 47 AL YR 1 58 BE A1, FGCD [ K il 25
TP H AN GE HER , SuBSENSE 1 SC_SOBS Jt
AR o R AE MER B FURS A B2 I, MDFCD #4155
X EE T o

%2 FREHEE VL CMUCD HiEE FHELER
Table 2 Quantitation results of different methods on VL_CMU_CD dataset

ik F1 R P Sp FPR FNR PWC
FGCD 0.120 0.135 0.19 0. 965 0. 035 0. 865 9.742
SC_SOBS 0.171 0.939 0. 105 0.377 0.623 0. 061 58. 462
SuBSENSE 0. 144 0.999 0. 085 0. 144 0. 856 0. 001 79. 704
FCN 0. 705 0. 883 0. 620 0. 963 0. 037 0.117 3. 867
MDFCD ( 4 30) 0.791 0. 860 0.771 0. 987 0. 013 0. 140 2.140

E L AR BB B A

AL T 15 AE PCD R e F A i A R i 245
Rangk 3 M 3 Fras, MW 3 Al LA ), MDFCD
[ F1 = 0.678,FCN [ F1 = 0. 664, HAtl 3 Fh 7
() F1E#REA 0.5, #1 % T FCN, MDFCD f
F1$25 7 2.1% ., MDFCD F¥§ (0. 764) H FCN
FRPRERE (0. 649 ) 55 17. 7% , ¥ 54 (0. 941) [ FCN

(0.857) 1 9. 8% BRIEBIAR AR 733 ¥ 73 HLAHEI (G
FHARTT %, Bk 7 MDFCD ff 3 HAb XS e J5 vk o
M 3 ] LI MDFCD 45 F Hob X Fe 75 32, 4n
35S 3 4 AR AL LR AT, FCN 4 G 25 5 A
DyRLRE , 20 T AR Z R IR AN, HAR D5 I B 4

L F AN 08 A 2 5K AL, 1T MDEFCD af RLAR 47 4 47l
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(a) ZHEEX  (b) TAEIRY

(c) EAEK () MDFCD(ZL‘I)

(e) FCN (f) SUBSENSE  (g) SC_SOBS  (h) FGCD

B2 R[FEJrEAE VL CMU_CD $E4E By 25
Fig.2  Test results of different methods on V._CMU_CD dataset ( (a) reference image X

(b) query image Y; (c) ground truth; (d) MDFCD(ours) ;

(e) FCN; (f) SuBSENSE; (g) SC_SOBS; (h) FGCD)

*3 AEFEEPCD HIFEELHELER
Table 3 Quantitation results of different methods on PCD dataset

PiReS 1 R P Sp FPR FNR pPWC
FGCD 0.227 0.379 0. 190 0.432 0. 568 0. 621 57.090
SC_SOBS 0.378 0. 882 0.262 0.132 0. 868 0.118 66. 678
SuBSENSE 0. 406 0. 898 0. 286 0.230 0.770 0.102 59. 708
FCN 0. 664 0.745 0. 649 0. 857 0.143 0.255 16. 105
MDFCD (A 3C) 0. 678 0. 659 0.764 0. 941 0. 059 0. 341 13. 094

ey LSRR S TIET S (£

(a) ZHFEEX (b) EifEgY

(c) EfHKl  (d) MDFCD(Z0)

(h) FGCD

(e) FCN (f) SuBSENSE (g )SC SOBS

B3 AR PCD BURE g

Fig.3 Test results of different methods on PCD dataset ( (a) reference image X

(b) query image Y; (c¢) ground truth; (d) MDFCD (ours) ;

Rl

A5 K 5 32 A2 CDnet 204 4R 1 Y 5 A6 A I
LR 4 A 4 Fron. R4 WTLUA i, MDF-
CD B F1 {4 (0.880) , 43 1 3 (0. 936 ) I 4% &
(0.842) FL45 2 fir i FCN 433175 8. 5% 9.6 %

(e) FCN; (f) SuBSENSE; (g) SC_SOBS; (h) FGCD)

5.8% , HAUgE bRt M X b ik o NIET 4 ml L
% i, FGCD A — 5 Y K I &4 2R , SC_SOBS FI SuB-
SENSE AJ B A6 M H 18] {5 A2 1k, {H 22 A X Il A
W1, FCN Bk N 45 R 41 LA B 3 FhJ5 ik (B G N
A0 AT Bk T MDFCD RE v 6 462 00 H 240 5 3
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%4 FRFETE CDnet & FHENER

Table 4 Quantitation results of different methods on CDnet dataset

WiRrS F1 R P Sp FPR FNR PWC
FGCD 0.195 0. 491 0.162 0.737 0.509 27.215
SC_SOBS 0. 497 0.739 0. 499 0.910 0.261 9.632
SuBSENSE 0.571 0. 751 0. 608 0.931 0.249 7.599
FCN 0. 811 0. 854 0. 796 0.992 0. 146 1. 085
MDFCD (A 3C) 0. 880 0. 936 0. 842 0.994 0. 064 0. 647

TE O 1A B8 d AR

(a) ZHEIEX (b) EifjlEHEY

(c) EfEIK  (d) MDFCD(ZX)

() FCN  (f) SuBSENSE (2) SC_SOBS  (h) FGCD

&l 4 [R5 EEFE CDnet S04 1 460 45 5

Fig.4 Test results of different methods on CDnet dataset ( (a) reference image X;

(b) query image Y; (c¢) ground truth; (d) MDFCD(ours) ;

BT 9 A8 A0 X35, AnsF 2 4 AT AN F 5 3 AT HY
LR

S B 25 AT 0, 78 VL_CMU_CD A1 PCD %4k
£ |- ,SC_SOBS . SuBSENSE #1 FGCD 2% %5 J5 1 1)
ORI ARFRAR | Wi 7E CDnet B3R 48 A — & K
AR Dt PR AT PR A B0 4 rh 37 5 Ol R AR Ak R
BUGT 2825 T K AR 8 77 TR AN REAR A7 1l v i O B AR
AEFFHBLAL 2 22 S5 Sk W, 17 CDnet %504 45
ROGRRASA R 28 25 T B/ AR e 7 ik e R B
S A TN R 77, 3 A A 1T B UE T MDFCD 7£ 52 /IR
B8 ST = ol R D Rt A I el O T U
FOA TR LT o
4 & it

B XA 29 1 728 RS DU 7 % G IR AR Ak AL
Y oe it THURR 78 B S R bR I 46 R 2 X —

(e) FCN; (f) SuBSENSE; (g) SC_SOBS; (h) FGCD)

()R, P2 th T — B S T 22 ROBE VR BE RRAE fl 65 1 A2 4k
R ) 2% MDFCD ., fifi i VGG {1 Ry AR, R T
ZEE LR BERE 43 5 DN 2 2% UG R A 7 [R5 B B
AR 48 2 TR BE SRR AIE , P FH — 1> g i R He i A0
=2 SRR SAR)Z SO IR LG, PP A O B i
(AR ARSI 285 SR o 3 2o 5 A ) R ) R JBE AR AR
FESE RO RRAS A AR AL A 323 25 5 ARSI 240 /N AR fH X
WO T RBAFRCR . £ VL_CMU_CD ,PCD #
CDnet 3 /> 75 1k 46 M %% 95 % b, F1 {8 73 51 Ky
79.1% . 67.8% F1 88% , ¥ B {H 4> 7l N 77.1% .
76.4% ,84.2% AT 4 XTI IE A AN R R B
IR

B T W B 2 ) T KR PR TR R R A T R 2891
G, A2 B o o R s T B B X AR B, S T
i R TR 2 2 1 728 A A T X6 5 i 1) A4 SR [ R
TEA R BIBIFFE A ol 35 B 05 dn o] fift 11 55 W 5
T T tE SR AR AR 45 2R
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