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Abstract

Trajectory segmentation is an attempt to partition a given
trajectory into a small number of homogeneous segments,
such that the data within each segment are similar w.r.t.
some criteria and thus can be effectively described by a simple model [2]. A typical approach previously adopted for
the trajectory segmentation [3,8] takes a simple sequence of
sampled locations (by dropping the timestamp component)
of a trajectory as an input, which we call a route of a moving
object to explicitly distinguish it from a trajectory. The approach first selects a subset of the sampled locations, identified as characteristic points (CPs), where the geometric
structure (e.g., spatial closeness, co-linearity, or movement
direction) of the given route changes substantially. Subsequently, only the selected CPs are retained to approximate
the input trajectory as a sequence of lines, each connecting two consecutive CPs. Figure 1 illustrates a route with 9
sampled positions and its desirable segmentation into four
continuous and non-overlapping segments.

Trajectory segmentation is the process of partitioning a
given trajectory into a small number of homogeneous segments w.r.t. some criteria. Conventional segmentation techniques only focus on the spatial features of the movement
and could lead to spatially homogeneous segments but with
presumably dissimilar temporal structures. Furthermore,
trajectories could be over-segmented in the presence of outliers. In this paper, we propose a family of three trajectory segmentation methods that takes into account both geospatial and temporal structures of movement for the segmentation and is also robust with respect to time-referenced
spatial outliers. The effectiveness of our methods is empirically demonstrated over three real-world datasets.

1. Introduction
A trajectory of a moving object is a series of locations
sampled at discrete instances of time and defined as a sequence of pairs, (p1 , t1 ), (p2 , t2 ),. . .,(pn , tn ), where pi
is a two- or three-dimensional vector representing the geospatial position observed at a timestamp ti (i = 1, . . . , n).
Various types of trajectory data tracking the movement of
vehicles, animals, or human subjects have been acquired
using location-aware sensors and exploited to find similar trajectories [4], discover frequent spatio-temporal patterns [3, 6, 8], and eventually obtain insights into the behavioral traits of moving objects.
Often the size of a trajectory, i.e., the number of observations n, is large. For example, the elk trajectories used
in [8] contain about 1430 observations on average, and the
size of bus trajectories used in [3] varies in the range from
1000 to 7000. It is therefore necessary to preprocess the trajectories to reduce the dimensionality and compress them
in a compact and concise representation in order to process
them efficiently in the subsequent data analysis tasks.
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Figure 1. An example of route segmentation
Our key observation is that such segmentations discarding the time component could lead to spatially homogeneous segments but with presumably dissimilar temporal or
spatio-temporal structures unless a constant sampling rate
is assumed1 . Suppose the first four locations in Figure 1
are acquired at irregular sampling rate, e.g., time-stamped
at 1, 2, 3, and 13, respectively. From the timestamps together with the moving distances, it can be derived that the
speed development of the moving object varies within the
obtained segment S1 ; it is fast at first from p1 to p2 , similarly fast from p2 to p3 , and then moves slowly from p3
to p4 . Since the movement speed significantly changes at
p3 , the segment S1 should have been partitioned at p3 to result in genuinely homogeneous segments in terms of both
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1 Irregular sampling rates are usually encountered in the real-world sensor data due to the inherent imprecisions of sensor devices, missing data,
network failure or delay, disturbance signals, etc.
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spatial and temporal semantics.
Another limitation of previous approaches is their vulnerability to outliers. A single extreme location value, typically depicted as a peak (see p5 on the route in Figure 1),
is most likely selected as a characteristic point by the conventional segmentation due to its substantial change of geometric structure. However, if p5 is an incorrect noisy sensor
value representing unrealistic movement and hence an outlier, a desired segmentation robust to noise would lead to
a single segment connecting p1 to p9 , discarding this outlier. In order to detect whether p5 is indeed an outlier or
just a surprising but a correct value, the associated temporal information must be exploited together with the spatial
changes (see Section 2.2). Otherwise, trajectories will be
over-segmented at all spatial outliers by erroneously considering them as CPs.
In this paper, we propose a family of three robust timereferenced trajectory segmentation algorithms that take into
account both spatial and temporal structures presented in
the trajectory data to identify genuine characteristics points.
Intuitively, we attempt to partition a given trajectory into
a small number of spatially and temporally homogeneous
segments, such that each segment accurately approximates
a linear movement at a constant speed. In addition, we utilize the spatio-temporal properties of movement to guide the
outlier detection so as to make the segmentation robust to
outliers. Our experiments on three real-world datsets indicate that our techniques outperform the conventional techniques, such the Douglas-Peucker algorithm and the onepass approximation algorithm based on the Minimum Description Length principal as well as their simple temporal
extensions, in terms of spatio-temporal homogeneity while
maintaining comparable spatial homogeneity.

Figure 2 illustrates a trajectory as a solid directed polyline in the spatio-temporal space formed by combining the
spatial plane spanned by X and Y axes (shaded in the figure)
and the time dimension of Z axis. The dashed line on the
(shaded) spatial plane shows the route. We assume an irregular sampling rate, that is, the time intervals between two
consecutive samples, Δti = ti+1 − ti (i = 1, . . . , n − 1),
can vary even within a single trajectory. This is a reasonable
assumption due to the inherent imprecision involved in the
sensor data acquisition.
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Figure 2. example of a trajectory and its route
As shown in Figure 2, during a time interval [ti , ti+1 ],
the unmeasured movement of a moving object is estimated
by a linear interpolation using the observed positions pi and
pi+1 , assuming that the object moves straight from the location pi to pi+1 at a constant speed. Therefore, at any instance of time tk within this time interval (i ≤ k ≤ i + 1),
the estimated position pk placed along the line can be calculated as follows:
tk − ti
ti+1 − tk
pk =
pi +
pi+1 .
(1)
ti+1 − ti
ti+1 − ti
Definition 1. A segment sij of a trajectory S of size n
(1 ≤ i < j ≤ n) is a continuous sub-sequence of S,
starting from (pi , ti ) and ending at (pj , tj ). A segment
sij is spatially and temporally homogeneous during the
time interval [ti , tj ] with respect to a pre-specified distance
threshold ε if all sampled locations pk observed at time tk
(i ≤ k ≤ j) within this segment deviate from their estimated time-referenced positions pk by no more than ε.

2. Preliminaries
In this section, we present our trajectory model and some
basic definitions to be used in the rest of paper .

Note that pk is obtained as in Equation 1 by a linear interpolation using the starting and the ending positions pi and
pj , respectively, while assuming a linear movement with a
constant speed during this time interval [ti , tj ]. The distance
between pk and pk , denoted as T-dist(pk , pk ), is computed
using the Euclidean distance, and called time-referenced
distance in order to emphasize that the temporal structure
is incorporated to measure the spatial dissimilarity. This
time-reference distance can be formulated as follows;

2.1. Trajectory Model
The movement of a moving object is typically traced by
sampling its geographic locations at discrete instances of
time by using location-aware sensors. A trajectory S is a
finite sequence of sampled locations during a closed time
interval [t1 , tn ] and defined as a sequence of pairs S =
(p1 , t1 ), (p2 , t2 ),. . .,(pn , tn ), where pi ∈ d (d ∈ {2, 3})
is a two- or three-dimensional location vector representing
the geo-spatial position sampled at a timestamp ti ∈ + . A
route of the moving object is the projection of the trajectory
S on the spatial space by dropping the temporal component, thus defined as the simple sequence of sampled position values Rs = p1 , p2 , . . . , pn . The size of a trajectory
is defined as the number of samples and denoted as |S|=n.

T-dist(pk , pk |sij ) = dist(pk ,

tk − ti
tj − tk
pi +
pj ) (2)
tj − ti
tj − ti

, where i ≤ k ≤ j and dist(·) is the Euclidean distance.
Figure 3(a) illustrates a segment si,i+2 , starting from
(pi ,ti ) and ending at (pi+2 ,ti+2 ). This segment is spatially
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and temporally homogeneous since the Euclidean distance
between the actually measured location pi+1 and the estimated location pi+1 at the time instance ti+1 is less than a
given distance threshold ε. Figure 3(b) illustrates the projected view of the segment onto the spatial plane and shows
how the time-referenced distance T-dist(pi+1 , pi+1 ) is dif−−→
ferent from the perpendicular distance d⊥ (pi+1 , −
p−
i pi+2 )
widely employed in the previous segmentations [3, 8].
Time
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surface of the half sphere are the furthest positions taken
at the time instance ti . If the movement speed is less than
υm , or it does not move, then the time-referenced location
at time ti is somewhere within the area bounded by the
smaller half sphere. Similarly, in order to move to the location pi+1 by the time ti+1 during the time interval [ti , ti+1 ],
the location at the preceding time instance ti should be at
most on the surface of the (larger) half sphere of radius
r2 = υm ×(ti+1 − ti ) or somewhere inside it. Therefore,
the time-referenced location (pi ,ti ) beyond the range represents the unrealistic movement, thus indeed an inaccurate
and noisy sensor measurement.
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Figure 4. Outlier detection

An outlier is a single extreme value that is substantially
different from the rest of data at some measures [1]. In
moving object trajectories, an outlier can be identified as
an extreme rate of change of location value to a unit time
interval and thus visually depicted as a peak in the spatiotemporal space as shown in Figure 4(a). Note that the peak
in the spatio-temporal space is different from the one in the
spatial subspace. For example, Figure 4(a) shows a significant change of location both at p4 and p7 , both of which
are illustrated as peaks, thus outliers, in the spatial plane.
However, considering that the time intervals taken to sample the locations p4 and p7 , p4 is not really a surprising rate
of location change per unit time, while p7 could be indeed
a substantial change in a short time interval. Unfortunately,
the slow peak or the f ast peak is not distinguishable in the
geo-spatial representation unless a constant sampling rate is
assumed. Detecting outliers simply based on the static geometric structure presented in route can be thus misleading
due to the missing temporal information.
In order to identify the time-referenced spatial outliers,
spatio-temporal features of movement must be incorporated. This suggests us to adopt the maximum movement
speed as an indicator whether a peak is an error or just a
surprising but a correct value representing the real movement. The key idea is that the maximum speed of a moving
object can limit the upper bound of where the moving object could traverse in a given time interval. If the sampled
location is beyond this range, it is considered as an error.
Consider the segment si−1,i+1 of a trajectory in Figure 4(b). Suppose the moving object’s maximum speed
υm is known in advance. If the object linearly moves at
maximum speed from pi−1 , its position at time ti will be
on the surface of a half (smaller) sphere of a radius r1 =
υm ×(ti − ti−1 ) as shown in Figure 4(b). The points on the

Definition 2. A location pi at time ti is a time-referenced
spatial outlier w.r.t. a pre-specified maximum speed υm if
dist(pi − pi−1 ) > υm ×(ti − ti−1 ) ∧ dist(pi+1 − pi ) >
υm ×(ti − ti−1 ), where dist(·) is the Euclidean distance.

3. Trajectory Segmentation
In this section, we formalize the problem and present
three trajectory segmentation algorithms as our solution.

3.1. Problem Definition
The trajectory segmentation problem considered in this
paper can be formalized as follows; given a trajectory
S of size n, S =(p1 ,t1 ), (p2 ,t2 ),. . .,(pn ,tn ), determine a minimum subset of the discrete instances of time,
CT ={tc1 , tc2 , . . . , tck } (1 ≤ c1 < c2 < . . . < ck ≤ n),
termed characteristic timestamps (CTs), such that each segment sci ci+1 (1 ≤ i ≤ k − 1) that starts from (pci ,tci ) and
ends at (pci+1 ,tci+1 ) is spatially and temporally homogeneous during the corresponding time interval w.r.t. a prespecified distance threshold ε (by Definition 1) and none of
the locations sampled at the characteristic timestamps is a
time-referenced spatial outlier w.r.t. a pre-specified maximum speed υm (by Definition 2).
The optimal solution that finds the minimum subset of
the timestamps satisfying the constraints on the maximum
deviation and the outliers exclusion can be obtained by using dynamic programming as in [9] or methods developed
for the shortest path problem in digraph [7]. However, these
are expensive solutions due to their time complexity usually ranging between O(n2 ) and O(n3 ). Instead, we adopt
a greedy approach based on the split or merge heuristics,
which greedily selects the local optimum at each iteration
as hoping to lead to a global optimum.
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3.2. Top-down Algorithm

Equation 2, assuming a linear movement at a constant speed
within the input segment if the observation pith at time tith
is not an outlier (lines 5-6). If the observation is an outlier
w.r.t. a given maximum speed υm , a zero value is returned
so that its timestamp should not be selected as the characteristic timestamp in the top-down algorithm.
The time complexity of the top-down algorithm is
O(kn2 ) after k number of splits, where n is the size of trajectory, and can be reduced to O(kn log n) if an efficient
data structure such as a priority queue is used to maintain
the split measure values in order.

Our top-down segmentation algorithm takes an unsegmented trajectory as an input and selects one characteristic timestamp ti with the largest time-referenced distance
between the actually observed location pi sampled at this
time ti and its estimated time-referenced location pi . If the
observed location pi is an outliers w.r.t. its preceding and
succeeding locations and a given maximum speed, it should
not be considered as the characteristic timestamp. Subsequently, it splits the sequence at ti into two subsequences,
which is recursively repeated until no more observation deviates from its estimated time-referenced position by more
than the given distance threshold.

3.3. Bottom-up Algorithm
A typical bottom-up algorithm begins with the finest possible segments of a given trajectory and greedily merge two
adjacent segments with the minimum merge cost.

Algorithm 1 RTR-TopDown (S, ε, υm )
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:

CT ← ∅; n ← |S|; // n > 2
for i=2 to n-2 do
splitM easure(i) ← RobustTDist(Si−1,i+1 , 1, υm );
if max(splitM easure) ≤ ε then // No more split
return CT ← {t1 , tn };
splitidx ← get the index of max(splitM easure);
// Recursively split the subsequences
CT 1 ← RTR-TopDown(S1,splitidx , ε, υm );
CT 2 ← RTR-TopDown(S
splitidx,n , ε, υm );

return CT ← CT 1 CT 2; // Union the selected timestamps

Algorithm 3 RTR-BottomUp (S, ε, υm )
1:
2:
3:
4:
5:
6:
7:
8:
9:

Algorithm 1 shows the pseudocodes of our top-down
algorithm. We first compute the split measure of each
observation in a given trajectory using the procedure
RobustTDist() in lines 2-3 based on which we choose
one splitting characteristic timestamp. The robust timereferenced distance function RobustTDist(Si−1,i+1 , 1, υm )
in line 3 returns the spatial distance of the observation pi
in the segment Si−1,i+1 to its estimated position if this observation is not an outlier w.r.t. the given maximum speed
υm and a zero value otherwise, as shown in Algorithm 2.
If the maximum value of the split measures is below the
given distance threshold ε, there will be no more splits and
the segmentation is stopped by returning the CTs found so
far (lines 4-5). Otherwise, the input sequence is partitioned
at the observation with the largest split measure value into
two subsequences, each of which is recursively partitioned
by the same RTR-TopDown procedure as in lines 8 and 9.

n ← |S|; CT ← {ti |1 ≤ i ≤ n};
for i=2 to n-1 do
mgM easure(i) ← RobustTDist(Si−1,i+1 , 1, υm );
if min(mgM easure) > ε then // No more merge
return CT ;
mgidx ← get the index of min(mgM easure);
CT ← CT − {tmgidx }; // Remove the selected CT
S  ← concatenate(S1,mgidx−1 , Smgidx+1,n );
return RTR-BottomUp(S  , ε, υm );

As shown in Algorithm 3, we first initialize the set
of characteristic timestamps (CTs) with the finest possible timestamps of a given trajectory of size n in line 1.
Subsequently, we compute the merge measure of the observation at each CT by using the same distance function
RobustTDist() in lines 2-3. If the minimum value of the
merge measures exceeds the given distance threshold ε, the
segmentation stops by returning the CTs found so far in
lines 4-5. Otherwise, we remove the timestamp of the observation with the minimum value from the CT set (lines
6-7). The trajectory segment (S  ) without the removed observation is recursively merged until no more observation is
an outlier w.r.t. the given maximum speed υm or deviates
from its estimated location by more than the given distance
threshold ε (line 8-9). Note that the robust time-referenced
distance function returns a zero if an observation is an outlier so that outliers would be first removed from the CT set
in the merging procedure.
The time complexity of the bottom-up algorithm is
O(kn) after k number of merges and can be reduced to
O(k log n) if a priority queue is used to maintain the merge
measure values in order.

Algorithm 2 RobustTDist (Sstartidx,endidx , ith , υm )
1: tdist ← 0; cidx ← startidx + ith ; // cidx ≤ endidx
2: if dist(pcidx , pcidx−1 ) > υm ×(tcidx − tcidx−1 ) ∧
dist(pcidx+1 , pcidx ) > υm ×(tcidx+1 − tcidx ) then
3:
return tdist ;
// pcidx is an outlier
4: else
5:
pcidx ← (tcidx − tstartidx )/(tendidx − tstartidx )×pstartidx
+ (tendidx − tcidx )/(tendidx − tstartidx )×pendidx ;
6:
return tdist ← dist(pcidx , pcidx );

The RobustTDist(Sstartidx,endidx , ith , υm ) procedure
in Algorithm 2 computes the time-referenced distance between the actually measured location observed at the ith
timestamp in the input segment and its corresponding estimated location, i.e., T-dist(pith ,
pith |Sstartidx,endidx ) as in

3.4. Sliding Window Algorithm
As in other sliding window algorithms [8], our sliding
window algorithm fixes the first timestamp of a given trajectory as the first characteristic timestamp and attempts to
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place the next CT as far as possible as long as the considering segment remains spatially and temporally homogeneous. When the spatial and temporal homogeneity of
the current segment becomes unsatisfied by adding another
observation, we separate the segment (without the current
observation breaking the homogeneity) from the trajectory
and repeat the process with the current observation until the
end of the trajectory.

two methods on the trajectories (DP-T and MDL-T), considering time as another spatial dimension.
Table 1. Summary of used datasets
Dimensions of location
# Trajectories Dataset size
Range of trajectory size
# Total observations

Bus
2
108
79∼1095
66,096

Truck
2
273
29∼992
112,203

Hand
3
660
65∼693
118,664

4.1. Selection of Maximum Speed Value

Algorithm 4 RTR-SlidingWindow (S, ε, υm )

Our segmentation algorithm requires the maximum
speed υm as an input parameter to determine whether a
spatio-temporal observation is indeed an outlier. We employ a heuristic based on the sorted movement speed values
to determine a sensible value of υm . We compute the movement speed between each pair of two consecutive samples
from the entire trajectories in the dataset and then sort the
speed values. By a visual inspection, we choose an extreme
and substantially larger value than its immediate preceding
one. In the bus and the truck datasets, we could observe
such value around 80km/h, corresponding to the 99th percentile of the entire speed values. This implies that there
exist few outliers in the vehicle datasets. Similarly, we obtained 150cm/s for the hand dataset, approximately corresponding to the 92th percentile, which indicates that about
8% of the observations could be outliers. The same speed
values are used for υm throughout the experiments.

1: n ← |S|; CT ← {t1 }; startidx ← 1; length ← 2;
2: while startidx + length ≤ n do
3:
curridx ← startidx + length;
4:
for i=1 to length-1 do
5:
swM easure(i) ← RobustTDist(Sstartidx,curridx,i,υm );
6:
if max(swM easure) > ε then
7:
CT ← CT ∪ {tcurridx−1 };
8:
startidx ← curridx − 1; length ← 2;
9:
else
10:
length ← length + 1;
11: return CT ← CT ∪ {tn };;

As shown in Algorithm 4, we first anchor the first timestamp as the first CT in line 1, which is the starting observation of the segment under consideration. Each of the
subsequent timestamps is considered in order as the potential candidate for the next CT. To this end, we compute
the slidingwindow measure of each observation within the
current segment Sstartidx,curridx using our distance function RobustTDist() in lines 4-5. If any of the measures is
larger than the given distance threshold ε, i.e., the segment
under consideration is not spatially and temporally homogeneous, we add the immediately preceding timestamp into
the CT set to separate the segment from the rest and reset the
variables as necessary in line 8. Otherwise, we increase the
length of the segment under consideration (line 10) and proceed with the next observation. The same procedure (lines
2-10) is repeated until the sequence ends.
The time complexity of the sliding window algorithm is
O(kn), where k is the number of inner-iterations required
to update the slidngwindow measure of each observation in
the increased segment and n is the trajectory size.

4.2. Experimental Results
In order to measure the spatio-temporal homogeneity presented in the obtained segments, we employ the
spatio-temporal homogeneity measure (ST HM ) utilizing
the statistics of the normalized movement speed per segment [10]. This measure attains a value closer to 1 when
the movement speed varies less per segment, i.e., the segments are more spatio-temporally homogeneous.
Figure 5 shows the comparative results of this spatiotemporal homogeneity measure. The X axis represent the
reduction ratio, i.e., the ratio of the total number of noncharacteristic observations discarded upon the segmentation
to the total number of observations in the dataset, and the Y
axis is the spatio-temporal homogeneity measure. The parameter values set for ε are specified in Figure 5(d). Each
marker (e.g., denoted as ×, ∗, etc) along the performance
curve represents the performance obtained by using the corresponding ε in the same order from the left to the right.
Recall that the maximum speed parameter υm is already
determined as in Section 4.1.
In Figure 5(a), the spatio-temporal homogeneity retained
by RTR-BU and RTR-TD is more or less the same on the
bus dataset, which is slightly yet consistently better than
RTR-SW. The same results are consistently observed in the
other two datasets [10], thus omitted due to the space limitation. However, the relative difference appear to be marginal

4. Performance Evaluation
In this section, we evaluate the effectiveness of our robust time-referenced trajectory segmentation algorithms on
three real-world trajectory datasets, tracing the movement
of buses [3], trucks [6], and hands [10], respectively. The
summary information of the used datasets is shown in Table 1 and the detailed description can be found in [10].
The performance of our segmentation algorithms are
compared to those of conventional segmentation techniques
on the routes of moving objects; the well-known DouglasPeucker (DP) algorithm [3, 5] (DP-R) and the one-pass approximation algorithm based on the Minimum Description
Length (MDL) principal [8] (MDL-R). We also apply these
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when the reduction ratio is less than about 0.4.
Figures 5(b) and 5(c) present the comparison of our
RTR-BU to the conventional approaches in terms of the
spatio-temporal homogeneity over the truck and the hand
datasets, respectively. RTR-BU is selected because it consistently shows the best results among our approaches. As
illustrated, the four conventional methods never beat RTRBU for all reduction ratios and in all three datasets. This
observation shows that RTR-BU identifies the characteristic observations where the spatio-temporal structure significantly changes and the partitioned segments are more
spatio-temporally homogeneous. Another interesting observation is that the näive extensions of two conventional techniques simply to the trajectories, DP-T and MDL-T, only
attain as similar spatio-temporal homogeneity as those of
DP-R and MDL-R (on the routes), respectively. This observation ascertains that semantically, the temporal dimension
is indeed different from the spatial dimension, and hence
should be incorporated in its own context like we do in our
time-referenced distance function. Recall that about 8% of
the total observations in hand dataset are considered outliers for υm =150cm/s, approximately corresponding to the
92th percentile, whereas the vehicle datasets have few outliers. The experiment results in Figure 5(c) show that our
RTR algorithms partition trajectories into more temporally
homogeneous segments in the presence of outliers.
1

ily is smaller than those of other approaches. Figure 6(b)
shows the spatial error measured by the perpendicular distance (PDerr) on the bus dataset. The DP family that explicitly minimizes the perpendicular distances show the lower
PDErr than other methods. Our RTR algorithms yield similar or slightly larger PDErr when the reduction ratio is no
larger than 0.4. The same results are consistently observed
in the other two datasets [10]. In sum, the results of two spatial discrepancy measures indicate that our RTR segmentation algorithms maintain a comparable spatial homogeneity
to the conventional techniques focusing only on the spatial
relationships.
6
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In this paper, we proposed three robust time-referenced
trajectory segmentation algorithms that take into account
both spatial and temporal structures presented in trajectory. The proposed segmentation methods employ our timereferenced distance function to partition a given trajectory
into a small number of spatially and temporally homogeneous segments. In addition, we utilize the maximum
movement speed to detect time-referenced spatial outliers.
Our experiments on three real-world datsets indicate that
our techniques outperform the conventional segmentation
techniques in terms of spatio-temporal homogeneity and
maintain comparable spatial homogeneity.
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Figure 5. Spatio-temporal homogeneity
In addition, as an attempt to approximate the true spatial
discrepancy between a trajectory and a set of its segments,
we aggregate the time-referenced distances and the perpendicular distances on every observation. A larger value
indicates larger spatial deviation between a trajectory and
its segments. Figure 6(a) presents the spatial errors measured by the time-referenced distance (TDerr) on the bus
dataset. As expected, the TDerr produced by our RTR fam-
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