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Abstract— Ultra-wideband (UWB) is a popular technology
for robotic localization in global positioning system (GPS)-
challenged and vision-obstructed scenarios. In UWB localiza-
tion systems, distance information is extracted from ToA and
ToD timestamp measurements. However, these measurements
are easily influenced by hardware limitations and complex
propagation environments, making an effective calibration
method crucial for achieving high-accuracy ranging. This paper
proposes a cooperative timestamp calibration method, which ef-
fectively mitigates ranging errors with scalability, adaptability,
and flexibility. Our approach reduces the calibration complexity
from O(N?) to O(N) for networks within N nodes and allows
for distributed implementation to lower communication costs.
The enabler is developing a new timestamp measurement model
that can rectify all timestamps across different devices in a
unified manner, coupled with the introduction of cooperative
model training techniques that accommodate both feasible and
infeasible scenarios for precisely labeling node positions. Real-
world experimental results show that our method reduces the
ranging error from 38.02 cm to 8.17 cm within a fully labeled
4-node network and from 16.77 cm to 9.61 cm in an 8-node
network without labeling.

I. INTRODUCTION

The capability of robots to accurately determine and
comprehend their spatial location within an environment is
crucial for effective navigation, coordination, and swarm in-
telligence [1]-[3]. Ultra-wideband (UWB) localization tech-
nology emerges as a viable solution when global positioning
system (GPS) is unreliable, which can deliver centimeter-
level localization services [3]-[6] by performing high-
accuracy ranging. However, the accuracy of UWB ranging
is susceptible to hardware limitations and complex propaga-
tion environments [7]-[11]. Therefore, the development and
implementation of effective calibration strategies are crucial
for maintaining the precision and reliability of UWB-based
localization systems.

As shown in Fig. 2(a), in UWB localization systems,
transceivers measure time of arrival (ToA) and time of depar-
ture (ToD) timestamps, which are further converted into time
of flights (ToFs) for ranging. UWB ranging errors typically
fall into two main categories: “clock-induced” timestamp
errors and “channel-induced” timestamp errors [12]. Clock-
induced errors occur due to clock asynchronism among UWB
devices [13] and can be mitigated by an appropriate ranging
protocol [3], [14], [15]. Channel-induced errors stem from
propagation factors such as multipath effects, non-line-of-
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Fig. 1. (Left) UWB hardware; (Right) Scenario of real-world experiments.
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Fig. 2. (a) The relationships among ToD, ToA, and ToF. (b) Illustrations
of the distinctions between current calibration methods and our method.

sight (NLOS) conditions [7], signal distortion, antenna delays
[9], and uncertainties in electronic circuits [10], [12], among
others. The channel-induced errors are difficult to mitigate,
since they distort raw timestamps in a non-descriptive way.

This paper presents CATOA, a cooperative calibration
method designed to mitigate timestamp errors induced by
UWRB channels. This method is scalable to swarm size, min-
imizes the need for manual labeling, and is independent of
specific ranging algorithms. The key to this approach is the
development of a novel error model that enables rectifying all
ToA measurements across different devices through a single,
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unified model and facilitates the network calibration per-
formed cooperatively. In this way, we significantly improve
the computing efficiency, reduce the storage and communi-
cation burden, and make the calibration method independent
of specific ranging algorithms. Moreover, CATOA allows for
efficient training from a cold start, enabling the determination
of model parameters without the need for manual labeling of
the true positions of devices. Real-world experimental results
show that CATOA effectively mitigates ranging errors.

II. RELATED WORKS

Previous research has demonstrated various attempts to
mitigate channel-induced errors. In [10], [11], the authors
propose to relate the ToF estimation error with the power
level of the received signal through a lookup table and spline
fit. Similarly, [16] propose to estimate ranging errors by
using a linear model based on the actual distance and the
received signal strength. Alternatively, [17] and [18] model
range measurements as a Gaussian process with respect to
the poses of the antennas, while the authors of [19] estimate
ranging errors through a Gaussian mixture model (GMM).
In [7] and [8], the mitigation of ranging biases is achieved
through a support vector machine (SVM), where channel
parameters including Energy, Maximum amplitude and Rise
time are selected as the input features. In [9] and [20], the
authors estimate ranging errors from the channel impulse
response (CIR) via deep learning models. The above works
contribute to advancing the understanding and mitigation of
UWB ranging errors. However, scalability, adaptability, and
flexibility of these methods remain a challenge:

1) Scalability: The characteristics of channel-induced er-
rors vary across different UWB modules. Existing methods
often use distinct model parameters for each UWB module
pair. Thus the calibration times (i.e., calibration complexity)
increase quadratically with the network scale, restricting the
practicality in large-scale deployments.

2) Adaptability: Current approaches commonly calibrate
ranging/localization errors. By doing so, changes in the
ranging/localization method often require complete revisions
of the calibration parameters, impinging on the adaptability
to accommodate different systems.

3) Flexibility: Previous methods need to collect signal
characteristics from other nodes for calibration, which will
lead to a heavy communication burden. This requirement
impedes the feasibility of distributed calibration and further
hinders the overall flexibility of the localization process.

To address the above challenges, we propose CATOA that
cooperatively calibrates channel-induced timestamp errors
with scalability, adaptability, and flexibility.

III. PRELIMINARY
A. Problem Formulation

Consider a localization network with [N robots. Assume
that the j-th ranging signal is received by node 7 at true
time ty). According to the IEEE 802.15.4a standard, the

timestamp measurement tg-i) can be described by

(1) _ L(5)4(9) (#) (1)
t; =k t; + 6 + w; (1)

where k(¥ and §(*) characterize the effect of clock skew
and clock boot time, respectively, and WJ@ denotes the
channel-induced measurement error. In this paper, we focus
on mitigating W;»l), whereas the clock-induced errors k() and
6 are mitigated using signal-multiplexing network ranging
(SM-NR), which is our previous work presented in [3]. While
our calibration approach is derived using SM-NR, it operates
independently from any specific ranging method.

In SM-NR, each node emits a ranging signal in sequence.
Then, the first-transmission node transmits a signal again to
end the ranging period. Assume that the j-th ranging signal is
transmitted by node j. An estimation of the ToF 'i'z ;j between
nodes ¢ and j that mitigates clock-induced errors is given by
SM-NR according to [3]. Let p{™) denote the position of the
n-th node. Then the exact ToF value between nodes 7 and
j is given by T;; = ||p® — pl¥)||/c, where ¢ denotes the
speed of signal. It can be verified that

Ti,j —T;; z[(w(.i) — WZ@) — (W(.j) — ng))]/2, )

J J
where w(-i)

; requires further calibration efforts.

B. Gaussian Process Regression

CATOA uses the scalable variational Gaussian process
(SVGP) to model channel-induced errors, which is a vari-
ant of the Gaussian process regression (GPR) with lower
computational complexity on large datasets [21]—[23].

Consider a training dataset consisting of D input vectors
X = [x1,x2, -+ ,xp| and corresponding observed targets
Y = [y1,¥2,--- ,yp|". Suppose that p(y|f) = N (y|f,o°1),
where o is a hyperparameter denoting the observation noise,
and f = [f,fg, - ,fD]T with a latent function f; = f(x;).
To reduce the computational cost, the SVGP framework
introduces a set of inducing points Z = |z1,22,..., zp) "
and inducing variables u = [uy, ug, ...,ups]T with M < D,
and assumes the following joint prior distribution:

f Kp Kpum
o ({off, ) o
where [KD]d1d2 = k(wdl,wdg;a), [KDM]dm = k(wd,zm),
[Km|mims = k(Zmy, Zm,), in which k(-,-;0) is a kernel
function with hyperparameter 6.

To approximate the posterior distribution of u, a variational
distribution g(u) = N'(u| m, S) is introduced. Then, we can
derive a variational lower bound of the marginal likelihood
log p(y) > L. The analytical form of £ is presented in [21].
During the training phase, the variational variables Z,u and
the hyperparameters 6, o are determined by maximizing L.

During the reference phase, given a new input xp, the
predictive distribution yields p(yp|zp) = N(yp|up,0d +
0?), where up = am, o3 = k(zp,xzp) +a(S — Ky)a' in
which a = kpy Ky,' with [kpa]m = k(zp, 2m).

IV. A PROBABILISTIC TOA ERROR MODEL FOR
COOPERATIVE CALIBRATION

We establish a probabilistic model for ToA errors, which
not only provides an estimation of the systematic bias but
also quantify the variance of these errors. In this way, the
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calibration results can be further incorporated into localiza-
tion or filtering framework within soft information.

A. ToA Measurement Errors

1) Hardware-induced errors: These errors stem from the
hardware components within the UWB modules, which
include the delays induced by antennas and circuits. We
introduce a node-specific parameter o(*) for these errors.

2) Propagation-induced errors: The ToA errors are also
highly correlated with the wireless signal propagation en-
vironments, since UWB modules (DWM1000) perform the
leading edge detection (LDE) algorithm to estimate the
ToA from the CIR samples [10], [12]. However, directly
processing raw high-dimensional CIR data is computation-
ally expensive. Prior work [10], [16] have showed that the
received signal power can effectively reflect the distortion
and the multipath effect present in the received signal.

Inspired by this observation, our calibration method ex-
tracts two channel parameters from the CIR samples to
reduce the input dimensions, i.e., the received power level

Q
Pr = 101logy (Z |sla]|* x 2”/@?) G
i=1
and the first path SNR
Py = 10logy, (F3/odR) )
where s[i] is the value of the i-th CIR sample, @ is the
number of CIR samples, Ar is a constant determined by
UWB devices, F5 is one of the three characteristic first
path amplitudes as defined in [12], and ocr is the standard
deviation of the noise level. F5, ocr are evaluated by the
LDE algorithm [10], [12]. Based on the discussion above,
we model the channel-induced ToA error wy) as!

Wi = ¢(P) + o ©)

where Pj(i) = [Pl({; )j, Péf;.]T, C(Pj(i)) reflects the propagation-

related errors. It is further decomposed as

{(P") =b(P?) +v(P) (7)
in which b and v denote the systematic bias and the measure-
ment noise, respectively. To model v, we collect real data for
analysis, as shown in Fig. 3. It is shown that the variance of v
is also related to the signal power level. Thus we model v as
p(v) = N'(v|0,02(P)), where o(P) denotes the variance
of the observation noise.

B. ToA Measurement Error Modeling Based on SVGP

To simultaneously fit b(P) and estimate the input-
dependent noise oZ(P), we use two independent SVGP
models to separately estimate the probability distribution of
b(P) and o (P), following [24]. For brevity, define a latent
function g(P) such that o2(P) = e9(F).

For the training of these two SVGP models, we gather
data by letting UWB modules transmit signals. For simplicity
()

When i = J» w; ’ represents the ToD measurement error, which is

mainly caused by a constant transmitter antenna delay and is not related to
the characteristics of the received signal [12]. Therefore, we combine it into

o) and set WEZ) = 0, which will not impair the calibration performance.
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Fig. 3. The relation between ToF errors and the levels of received signal
power. Since the true value of ToA is unavailable in practice, we evaluate
ToF instead. The “Predicted bias™ curve is b(P) predicated by our model,
while the "Predicted noise” curve depicts b(P) & 3o, (P).
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Fig. 4. The implementation process of the calibration model.

but without loss of generality, our investigation focus on
a single ranging period. During this period, there are
N +1 signal transmissions in total within this ranging period
in a N-node network, according to the SM-NR protocol.
Ideally, we will have a training dataset within received
power levels P = [P{V) ... P](Vl}rl pY ... ](VAQI] € R2xD
and a dataset with corresponding ToA measurement errors
w=[w wi Wi T e RPXT with D = N(N +1).
Define b = [b; by -+ bp]T and g = [g1 g2 -+ gp]7T, in
which by = b(Py) and gq = g(Py), with P, being the dth
column in P. Two Gaussian process priors over b and g are
assumed as p(b) = N (b|0, Ky,) and p(g) = N(g| 0, K,),
where the covariance matrices Kj, and K, are derived from
the following kernel functions:

(Kbv)ayd, = kn(Pa,, Pa,) £ exp [—|| Py, — Pa,||*/267]
[Kg}dle = kg(Pd1’Pd2) £ exp [_||Pd1 - Pd2|‘2/20§]

Following SVGP, we incorporate inducing points Z =
[2b.1, 2b.2, ey ZbM] Lo Z, = [zg’l,zg’g,...,zg’M]T and in-
ducing variables up,u, € RM*!. Distributions g;(up,) =
N (up|my, Sy) and g4 (ug) = N (ug|my, S,), are introduced
for b and g, respectively. The relationship among these
parameters are shown in Fig. 4. Then, a variational lower
bound L,, for the marginal likelihood logp(w) can be
derived following [24]. The optimization of these parameters
is achieved by maximizing L,,.

However, the true ToA value is unknown in practice,
rendering the dataset w inaccessible. To address this issue,
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Fig. 5. The relationship between the warm-start and cold-start modes.
we present a novel training strategy, including two modes as
shown in Fig. 5: the initial mode operates under the condition
that the exact positions of all nodes are known for training
purpose. Following this, the strategy accommodates a cold-
start mode that enables training model parameters without
the need for pre-established positions of new nodes.

C. Warm-Start: Model Training Using Full Labeling

This section presents the initial mode of our training
strategy, where the exact positions of all nodes are known
through pre-calibration using external techniques, such as
RTK-GPS [16] or motion capture systems [18].

To substitute the unavailable ToA error dataset w, we
construct a ToF error dataset €. In one complete ranging
period, using (2), the dataset € is constructed as € = {e; ; :=
T,7 ;= T, j=i+1- We then derive a variational lower
bound L. for marglnal likelihood log p(e) based on (2):

N (z () ( ) (4
+e; +r;
Z Z log/\/(sm| 1 )

1= 1] i+1
(1)2 (4)2
Sy A +of?) 45 (i + 05
=1 j=i+1 i

— KL [g(up ) [p(up)]
where e;-) = ,u() + 0(®), r(l) = exp(,ugj

—KL[q (Ug)llp(ug)] ®)
/2) . The

detailed derivation of (8) is presented in Appendlx L

With L., next, we determine the parameter 0o variational
variables Zy,, Zg, uy,, Ug, Sp,, S, and hyperparameters 60y, 04
by maximizing L. Following this, a model for propagation-
induced ToA error {(P) is established.

D. Cold-start: Model Training without External Labeling

Using external techniques to acquire position information
are expensive and cumbersome. In this section, we possess
a new batch of UWB modules and focus on calibrating their
ranging errors without external pre-labeling, as depicted in
Fig. 5. Such cold-start calibration is achieved by unleashing
the benefits of node cooperation.

The positions of all new nodes are unknown but fixed.
Recall (6), our approach to ToA modeling distinguishes be-
tween hardware-induced error and propagation-induced error,
with the former being node-specific while the latter affecting
all nodes universally. This distinction enables us to directly
inherit the propagation-induced error model {(-), and only

requiring the determination of the node-specific hardware-
bias 0 for new nodes. Specifically, we simultaneously
estimate the positions p = [p(MT p)T ... p(NVnew)TIT and
individual biases 0 = [0(") 0(?) ... o(Nnew)]T using ranging
measurements by maximizing the log-likelihood, i.e.,

pP,0 = arg max logp('i';p7 o) = arg min 9)
Nnew 1 2
> [llp(’)—p(”lﬂLATu Tij

— U
1<j 2

where AT, = (C(P ) + (P, ) + 0 4+ 0))/2 and

ol = (O’%(_F)j(l)) + O'b(PZ(])))/4. To solve the non-convex
(9), we begin by initializing 0o(* with 0 and p(*) with the
result of multidimensional scaling (MDS) using raw ToA
measurements. Then, o and p are optimized simultaneously

through gradient descent.

V. COOPERATIVE CALIBRATION: A DISTRIBUTED
APPROACH

As shown in Fig. 4, upon receiving a UWB signal, nodes
perform ToA calibration locally. Using node ¢ as an example
for illustration, we omit the superscript () for brevity. The
input power level of the received signal is denoted as Pp.
Employing the ToA calibration model (6), we first obtain
the predictive distribution of bp,gp and then derive the
distribution of propagation-induced error Z(Pp)

p(|Pp) = N (wp,0p) (10)

where O'P = ot p +exp(pgp + 03 p/2), fib.ps Op ps Ha,Ps
and agp take the similar form as the ones in (13) but
replacing P]( 2 by Pp. The calibrated timestamp is given by
t =t — ({+ o), which will be dispatched to other nodes for
ToF and range estimation. As each node calibrates locally
without acquiring additional information from other nodes,
our method can be executed in a distributed manner. Thus,
CATOA significantly reduces the communication overhead,
increases the real-time performance, and avoids the loss of
accuracy due to information aggregation.

VI. EXPERIMENTAL RESULTS

To verify the performance of CATOA, we conduct ex-
periments in real-world environments. All experiments are
carried out in an indoor area measuring 50mx25mx12m.
The FZMotion OptiTrack system [25] is employed to deliver
accurate position data of the nodes, serving as ground truth.
Each node is equipped with a four-antenna UWB array
including four DWM1000 modules and a Raspberry PI for
computational processes. Nodes transmit and receive UWB
signals at a center frequency of 3993.6 MHz, where the
DWMI1000 chips provide received power data and timestamp
(ToA and ToD) measurements. We concatenate the received
power level from the four antennas as the input for the
calibration model. Network ranging and ToA calibration are
conducted on each node using the Raspberry PI.

To evaluate the effectiveness, the state-of-the-art proposed
in [11] is used for performance comparison. This method
employs the averaged first path power level between two
nodes to model the ToF measurement error.
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Fig. 6. Data collection for model training: (Left) Placement of four UWB
modules in warm-start experiments; (Right) One of the topologies of eight
UWB modules in the cold-start experiments.
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Fig. 7. The performance of the calibration model in warm-start scenarios:
(Up) The ranging error histograms; (Down) The CDF of ranging error.

1) Warm-start: As shown in Fig. 6, four nodes are placed
into rectangles with a fixed length-width ratio, where d =
1.1mand £k =1, 2, 3, ..., 12. For each k&, we conduct
1200 ranging periods. From these, 70% of the measurements
are randomly chosen to form the training dataset, while the
remaining measurements are used as the test dataset.

The calibration results on the test dataset are shown in Fig.
7. Our method achieves a root mean squared error (RMSE)
of 8.17 cm, which is 78.5% better than the raw measurement
with an RMSE of 38.02 cm. In comparison to the ToF-
based method [11], which achieves a RMSE of 11.81 cm,
our approach achieves higher accuracy, thus showing the
effectiveness of our ToA error model.

2) Cold-start: We employ an additional set of 8 UWB
modules to assess the cold-start training strategy in Section
IV-D. As shown in Fig. 6, we firstly collect 20 ranging peri-
ods as the training dataset to determine the node-specific bias
o)), The propagation-induced error model  is inherited from
the one trained on the above 4-node network. Next, we gather
measurement data from 500 periods across four different
topologies as the test dataset. The ranging and localization
accuracy before and after calibration are evaluated, where
the localization results is obtained using (9) by fixing o(.
For comparison, we replace { with the calibration model in
[11] that is trained on the above 4-node network and obtain
the localization results using (9).

Fig. 8 demonstrate a substantial decrease in both ranging

-0+ Scenario 1: Raw 4
——Scenario 1: Calibrated
Scenario 2: Raw
—&— Scenario 2: Calibrated |
«+#--Scenario 3: Raw
—+—Scenario 3: Calibrated| |
-+~ Scenario 4: Raw
Scenario 4: Calibrated

CDF

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Error [m]

@+ Scenario 1: Raw 4
——Scenario 1: Calibrated
Scenario 2: Raw
—#&— Scenario 2: Calibrated |
«+#--Scenario 3: Raw
—+—Scenario 3: Calibrated| |
-+~ Scenario 4: Raw
Scenario 4: Calibrated

CDF

0.15 0.2 0.25 03 0.35 0.4
Error [m]

Fig. 8. The performance of the calibration model in cold-start scenarios:
(Up) The CDF of ranging error; (Down) The CDF of localization error.
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Fig. 9. Ranging and localization performance with different number of

ranging periods in the training dataset of cold-start scenarios. The number
of ranging periods ”0” corresponds to the case where 0 is not trained and
is set to O for all nodes.

and localization errors. In particular, Fig. 8 show that the
calibration model trained in one scenario can be generalized
to various different scenarios, highlighting the method’s
effectiveness regardless of variations in network size and
topology. We average RMSEs of four test scenarios. The
calibrated ranging RMSE is 11.29 cm, which is 54.3% better
than the raw measurements with an RMSE 24.71 cm. The
calibrated localization RMSE is 9.61 cm, which also outper-
forms the raw RMSE, 16.77 cm, by 42.7%. In comparison,
the method in [11] achieves a ranging RMSE of 16.67
cm and a localization RMSE of 11.47 cm. Moreover, we
evaluate the calibration performance with different number
of ranging periods in the training dataset. As shown in Fig. 9,
the optimal 0(*) can be obtained within 10 ranging periods,
indicating the efficiency of cold-start training method. Hence,
the cold-start training approach can significantly enhance
the localization accuracy of new UWB modules without
requiring heavy resource consumption.

VII. CONCLUSION

In this paper, we propose a novel approach to calibrat-
ing UWB ToA measurements for multi-robot localization.
Specifically, we established a ToA measurement model using
the received power level and the first path SNR of the
received signal, and proposed the ToA calibration method
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using SVGP models. We then designed the model training
strategies for both feasible and infeasible external labeling.
By directly calibrating the ToA measurements, the proposed
method is scalable across multiple UWB devices, adaptable
for different ranging methods, and can be implemented in
a distributed manner with flexibility. Experimental results
show that the proposed method can significantly improve
the ranging and localization accuracy of UWB localization
networks and exhibits strong generalizability across different
network configurations.

APPENDIX I
DETAILED DERIVATION OF (8)

From (2), (6), we have ¢; ; = (Wy) + ng))/Z. Then, the
marginal likelihood of € is derived as

oo - | ﬁN (

Following [24], we can analytically write L, as

N
Lu=Y" [log/v (w1l ) -

1 A ,
5 (Wy) + WZ(J)) ,O) p(w)dw. (11)

(3)2
1 @2 1%, }
4 8J 2 T§z)

i#j
— KL [g(up)[|p(un)] — KL [g(ug)[p(ug)] (12)
where
Ml(f)] = aymy, i) = agmy
o =k (P, P{) + ay (S, — Kpa)al  (13)

(1)2 _
Ogj =

ke (Pj(l)’ Pj(l)) + ag(Sg — Kg’M)a;

in which ay, = ki MK}y, ag = kg Ky, and
[K‘LM]mlmz = kb([zb]mu [zb]mz)

= kg([zg]mu [zg]mz)

kondm = Ep(P[z]m) and  [kguilm

k:g(Pj(l)7 [2Zg]m). As log p(w) > L,,, the proof is completed

by substituting (12) into (11) and then applying logarithms

to the both sides, which yields (8).

[ngM}m1m2

with
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