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Deep learning based dense matching for aerial remote sensing images
LIU Jin,JI Shunping

School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China

Abstract. This work studied that the application of deep learning based stereo methods in aerial remote
sensing images. including its performance evaluation, the comparison with classical methods and
generalization ability estimation, Three convolution neural networks are applied, MC-CNN(matching cost
convolutional neural network), GC-Net(geometry and context network) and DispNet (disparity estimation
network) , on aerial stereo image pairs. The results are compared with SGM (semi-global matching) and a
commercial software SURE. Secondly, the generalization ability of the MC-CNN and GC-Net are evaluated
with models pretrained on other datasets. Finally, fine tuning on a small number of target training data with
pretrained models are compared to direct training. Three sets of aerial images and two open-source street
data sets are used for test. Experiments show that: firstly, deep learning methods perform slightly better
than traditional methods; secondly, both GC-Net and MC-CNN have demonstrated good generalization
ability, and can get satisfactory 3PE (3-pixel-error) results on aerial images using a model pretrained on
available stereo benchmarks; thirdly, when the training samples in target dataset are insufficient, the
strategy of fine-tuning on a pretrained model can improve the effect of direct training.
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Tab.1 Comparison of dense matching results between traditional and deep learning methods
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Fig.5 Disparity maps of 3 methods used on the 3 data sets
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Tab.2 Test accuracy of MC-CNN model on target datasets
K5 ¥ (3PE/1PE)
R VRS

KITTI2012 KITTI2015 Hangzhou Miinchen Vaihingen
KITTI2012 0.963/0.866 0.957/0.848 0.941/0.856 0.945/0.797 0.946/0.813
KITTI2015 0.958/0.768 0.960/0.778 0.951/0.761 0.955/0.751 0.953/0.750
Hangzhou 0.944/0.808 0.942/0.805 0.953/0.816 0.948/0.770 0.940/0.760
Miinchen 0.960/0.854 0.960/0.851 0.960/0.844 0.965/0.867 0.959/0.850
Vaihingen 0.988/0.919 0.987/0.912 0.987/0.916 0.989/0.922 0.992/0.932

F 3 JEHET GC-Net H I % 1045
i1 F R°A Driving.Miinchen. Vaihingen 3 4%
HA SRR RAR A R X 3 8
TR I G, B R on Tk 53k 2
M .
£3 ETGCNet Wil HEMEBRELHMRER
Tab.3 Test accuracy of GC-Net model on target dataset

H5 B (3PE/1PE)

i g E3S
Driving Miinchen Vaihingen
Driving 0.926/0.857  0.895/0.808  0.895/0.793
Miinchen 0.969/0.893  0.984/0.953  0.964/0.922
Vaihingen 0.980/0.881  0.979/0.943  0.997/0.980
KITTI2015 0.934/0.739  0.881/0.705  0.942/0.743
Hangzhou 0.911/0.779  0.940/0.799  0.949/0.841

GC-Net [F R B A R5E Az 1k e 11, A 55
T MC-CNN., iT#2 0, 3PE brifi FE AR b
REA RN 1.5% ~3% (IPE s N 3.1% ~

9.9%) . MEHKE EEEF % 2%, 1 MC-CNN H
H 0.6% ., XA LIRS, B MC-CNN H H
o 2 2 B AR AR AL
3.2.2 BEA

fEEHRES A D BN T, 7T LR
55 2 FlOE RS 2 ) SR . L TN S ASE T A A 4] {1 L A
H B ARBEA S — 2L 0

24 MK 5 5T MC-CNN J7 ik fl &
F GC-Net FiEMSEHOAEE R . “Hinl 4L
TR 5NN B EFEARE . DT FikFRR
B H AR B2, 158 2 B BE ALY 46 1k 5
TL FEFERS BT B %2 I8, x4
RAEFRE KNI ZREE T, TL AHXTF DL (ks &
., 7% 4 L KITTI2015  J8 808 4, w3
27 MC-CNN # % , Hangzhou N HFr4E ; #E £ 5
H, Vaihingen IR EUHE 4, W)l 25 T GC-Net 5
I, Miinchen i H#r%E

®4 MCONNFHEEARBEINGEHEATHRNER

Tab.4 Prediction results on different number of training samples using MC-CNN method

B KN/ XF 25 50 100 200 300

7k DT TL DT TL DT TL DT TL DT TL

3PE 0.943 0.949 0.944 0.948 0.946 0.948 0.951 0.952 0.952 0.953
AHXTHE T/ Y0 0.50 0.37 0.14 0.12 0.11

5 GC-Net FEEABHEINEGHELRAMTNE R
Tab.5 Prediction results on different number of training samples using GC-Net method

B RN/ xf 25 50 100 200 250

Jr ik DT TL DT TL DT TL DT TL DT TL

3PE 0.783 0.965 0.902 0.947 0.928 0.961 0.959 0.977 0.972 0.978
AT T/ (V) 18.1 4.5 3.2 1.8 0.6

A v Y 25 XY 2R 4R T 4 A B I,
Al IR F 94.4 %0 ARG FE s BEAS I B8 in — A5, RS
ERE 0.09% A, A W, MC-CNN 77 % Il 4:

FEAS ) B BEOR A & A BEAEAS 19 (300 . RE A5 3
BAF N GRBE il . oKk F T B o > S I, 25 XF
I GREEA T IR 2] 94.9 00 BORS B2, AH L T BEHL I (E
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M B, A 0.5 0 IR 3.

FEF 5 ) GC-Net Jrik, A 25 X5l 25k
AEE, B3I 2R (DT LA 78.3 % 1 I i A
JE 5 B A S 8 i — A B, 0 3EORG B2 38 B 90.2 0%, 42
11,900, ARG, R AR F 97.2% .,
A UL LA T MC-CNN, 36 3] 35 B9 GC-Net 7
W2 MU GRAEA TR F RS 2 20 I I i) 5w
(TL), 25 XYIZEFEA B v] 35 5] 96.5 %6 K & .

UL L GE 45 e v] WL, i 8% 2 ) 9 oA it
RERORG B2 A 4 w8 42 4 T B A i B, REAR R
D iERAE ) AE TR . TR B AR e rh R B i
R 2 R RE B oK B L 3B T L0 e H AR g
YINZAR B AR 1 326 AR Uk 5, DL BE A 1% 1sf ] 45 1) 5
AIEE SR, R, A SO I A 3 T IR 2 ) A 4
DEHC R DL 25 i 10 B B R Sy H A 30808 4R 1
WA » LA B0 80R FORS B 1 i 825t

4 &

AR SOV R BE 4 2] I k5| A B2 se 8 ) % 4
VEEC T AN B 4 5 A% G T A Y
o8, M TR BE2: T iz Ak Re . & %8, JiiE
TR vk 5 B SURE A L w4 £
P, HIEaFF SGM . HR IR IR 24 2 Jr i,
GC-Net 1 h i 1] 3ty 19 J5 3, BUAS T S 4f A5
H2E ST M A I R () MC-CNN R 2. # e , I
IR TR 2% ) fE ST R B AL VL FE b iz AR RE 1 9T &
. MC-CNN il GC-Net H A #% 1932 1L 6E 71,
FERRHERCHE PE 1 I R i A 8D, T B4 T s 4
PigE, H 3PE A5 B T M IF RN B, JL L L MC-
CNN F M e, XAz b fg ok A ERIC i 2
WA T I 2 R AIE o 113X S8 RRAE TE 10 AE 3 5 L 2s
R A S . Ak R AE 2T R
SO TR 2 > 5 1k nT S8 B8R R BB 1) [
Vg5 N
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