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Deep Learning Model for Robust Target Tracking Using TDoA
Probabilistic Image
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oJ%ltl. TDoA®] AWGNS A7 3h= whHe] Wol AFslo] ARt g whAe HEe] 39] Whs = J8=
3w tiefet 3ol wigt 7+ (Robustness)o] #53ck £ =iollAE AWGNe| 3% TDoAE IHE A%
3 B4 $1xE 78] FA438= ‘TDoA probabilistic image based target tracking(TPITT)” WFH-S- Aqklct.
TPITT= TDoAE 53 2+ e EA7F &AL &S o|"|#|5}3la, *Convolution-LSTM’ Rd-& 3l E4¢]
#FxE FAYE H3S T8 Al whe] tlekgl A s G dE eAE Hels dS3isdth
£3], AWGNo| =& 3h7ollx AP &1 ‘TDoA image based target tracking(TITT) el B]al #|gF WlHe] ] &
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ABSTRACT

Ultra Wide Band (UWB) based indoor positioning methods utilizing Time Difference of Arrival (TDoA) are
commonly used; however, their performance significantly degrades in environments with high Additive White
Gaussian Noise (AWGN). Although many studies have attempted to remove AWGN from TDoA, these
approaches require additional positioning methods and lack robustness in various environments. In this paper, we
propose a 'TDoA Probabilistic Image Based Target Tracking (TPITT)’ method that robustly estimates an object’s
position using TDoA with AWGN. TPITT generates probability images of object presence in each region using
TDoA and employs a ’Convolution-LSTM’ model to estimate object coordinates. Experiments demonstrate the
proposed method’s robustness and low prediction error across diverse environments. Notably, TPITT is more

effective than the prior study "TDoA Image Based Target Tracking (TITT)’ in environments with high AWGN.
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2.1 Related Works

2.1.1 Indoor tracking using deep learning
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2.1.2 Convolutional LSTM
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2.2 Proposed UWB Indoor Tracking Approach

2.2.1 Model Structure Overview
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Fig. 1. Overview of the proposed method
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Fig. 2. Conversion of TDoA to image in TITT(upper, red) and TPITT(lower, blue).
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2.2.4 Target tracking using deep learning

TPITT= AR o]F 53l EAe] $12] 4L
213l Convolutional-LSTM 2915 g8z}, &g} el
= 471818] AAId TDoA o]v]#] dloelE iz o 3}
I EAe] x, y FE e 2 gheR vk wd S
< 918k £A(loss) & MSE(Mean Square Error)S
AHg-gte) o|u)|, Equation 34 N-& Dataset®] =71,
ye A AAl F7F FH3, g2 mdo] oS3 249

2 zolch

o

1 ~
Linse = _Zév=1(yi - yi)z 3)
N
m 4

3.1 Environment setting & data generation

Alekshe wdo] s A5S fl8l FarE] mejAd
< Rk £ e wkd Exddl disl] $1x8 3]
7] $18l AA| 7K Whole, 715 AAE $15 shet #4]

F7HKNarrow, 7|5 AAE et £1Z 3=
7} 2m * 2m2] A FHS A IRk R A9
ok A= Be 3k 2 HAA | AEa 419
e et glew, o % sh ik e AR
Aoy 71 ek Ad 292 [EEE 802.15.4a2]
A W3S 71-EP “Biteraze” AR “loco
positioning system” ZE-51 o]-g3] 71} UWB A&
7} wrEeixltl. 7k AlME ToAE 7[HESZ, TDoA:
715 Al e} L] AlA] 7He] ToA Afol= F<t 73578
fccuyellA Axlgict A 3 ell4] TDoA S3-2
millisecond TS| Z o] FoIR|n] 2+ A2} CCU Ale]2]
Al A2 gickar 71k

AFE 218t tlek’t 38 73] $lsl 2 33l
w2} Zbzt olE A4 LA A48k o, 34 24
£ 7ol vl 1) AWGNe] 4] & 7(Noise
extreme) : H1 0, T T3} 2, 2) AWGNe| =2
3P (Noise high) : 33 0, 325 AP} 1, 3) AWGN®]
A2~ 317 (Noise low)> H4 0, F= H=p71 02 = A
o=k

o] A= e, 2 el EAe] Sl
w2 TDoA HlofelE AAd3IsIet o, dlolel= &A1V}
A1), 2, 31 5 gkl e % Al
+ Figure 37} 2t} #A1= 755 55 Zl8E 71
T EFATEES 58 vih o)u, S=o iRt
= Qlze] Ht 2] £=9l smys ' 7Rk

)
o

811



The Journal of Korean Institute of Communications and Information Sciences ’23-07 Vol.48 No.07

Rotational motion Random walk zigzag
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Fig. 3. Example of target’s moving.
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3.2 Model hyper Parameter

TPITT Convolutional-LSTM »elS ZAEs] $sl
vl 2ele E 4715 ARSI THECNNSs, TPITT
CNN, TITT CNN, TITT Convolutional LSTM). o|uf,
Convolutional-LSTM rdo] 32
convolution(Channel & Kernel: 4&11 / 8&8 | 16&4)3}

-
e

Table 1. The hyper parameters of models

Parameter Value
Activation function Relu
Optimizer Adam
Learning rate 1*10°
Loss function MSE
Drop out 0.6
Mini batch size 20
Epoch 30

normalizationS- 3+ 5 32 dense layer(128 / 32 /
)E AR Fxolth. CNN mdo]
Convolutional-LSTM 2| &4} Convolution 3.2 H}
A AL Ae)sly e F27F U3k FCNNs 2
2 313 Zke] TDOA 370°]™ hidden layer= 16, 8 ©]iL
output layer+ 2% 725 7K1 glr). mele] slo]w
g2}rleli= Table 17} 72o] 57 Belol] 5402 #8-
ek

-
T

3.3 Model comparison

4% 9] BT RE oS3t A Aole] 52
elciel Aol AHgslgla, 104e] M A1Ee At

oirh A3 ZA3R= Table 29} 33} 31t} Table 22 Al

B nE A4 Convolutional -LSTM Xwlo] &

max

pooling(Kernal:2) S

e

batch

rln

A3tollA] 3t 02 ~ 0.5m =

20 QL9 nolon o

Table 2. Average of the Euclidean distances between predictions and actual coordinates due to environmental changes

Environment Model Random Random Zigzag Zigzag Rotation Rotation
Whole Narrow Whole Narrow Whole Narrow

FCNNs 0.4844 1.0091 0.6231 1.0292 0.4029 0.8156

CNN-TITT 0.5624 0.6003 0.8476 0.613 0.3774 0.5476

Noise low | CNN-TPITT 0.5389 0.5843 0.818 0.7273 03775 0.547
Conv_LSTM-TITT 0.2376 03378 0.3296 03549 0.1975 0.295
Conv_LSTM-TPITT |  0.2356 0.3309 0.3377 03534 0.1883 0.2924

FCNNs 0.7929 1.0627 0.9081 1.1912 0.7883 1.0163
CNN-TITT 1.0224 0.8345 1.3036 0.9705 0.9385 0.7645

Noise high | CNN-TPITT 0.958 0.7334 1.2493 0.9651 0.8694 0.689
Conv_LSTM-TITT 0.7256 0.6336 0.8908 0.6995 0.6128 0.5429
Conv_LSTM-TPITT |  0.6932 0.5524 0.8266 06122 0.5661 04732

FCNNs 1.3184 1.3186 1.4579 1.2931 13531 1.2488

. CNN-TITT 1.6233 1.1766 1.968 1.1185 1.5025 1.0349
EI)\(It(;laine CNN-TPITT 1.5351 0.9876 1.8395 1.0656 1.4151 0.9072
Conv_LSTM-TITT 1.2309 0.9234 1.4571 0.9863 1.1168 0.7872
Conv_LSTM-TPITT |  1.1435 0.7647 1.2356 0.8702 1.0039 0.6326
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Table 3. Standard deviation of the Euclidean distances between predictions and actual coordinates due to environmental changes

Environment Model Random Random Zigzag Zigzag Rotation Rotation
Whole Narrow Whole Narrow Whole Narrow
FCNNs 0.1153 0.3154 0.1773 0.4123 0.2554 0.3712
CNN-TITT 0.0678 0.0706 0.0926 0.0495 0.0702 0.095
Noise low | CNN-TPITT 0.0616 0.1085 0.1683 0.1946 0.0664 0.1916
Conv_LSTM-TITT 0.0104 0.0435 0.0348 0.0424 0.021 0.0612
Conv_LSTM-TPITT 0.0179 0.0931 0.0573 0.0932 0.0242 0.0741
FCNNs 0.0249 0.3147 0.0444 0.2585 0.0828 0.3256
CNN-TITT 0.0661 0.0735 0.0956 0.0719 0.1081 0.0816
Noise high | CNN-TPITT 0.0452 0.054 0.1123 0.0809 0.0911 0.0798
Conv_LSTM-TITT 0.0173 0.0447 0.0513 0.0793 0.0282 0.084
Conv_LSTM-TPITT 0.0226 0.0176 0.0355 0.0687 0.0402 0.0257
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