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Abstract—Closing the feedback loop has proven essential for
performance improvement and enhancing system reliability in a
number of applications. Track evaluation addresses these goals
by investigating system influences and analyzing discrepancies
between expected and actual operation. Developing a model
of a passive radar system which approximates its operational
capabilities is therefore not only essential for performance pre-
diction and pre-operational analysis but offers the opportunity
for further system improvement. In the following, we assess the
fit of a passive radar model to real-world data to investigate if
it provides a reasonable representation of the observed results.
There, we show that the detection probability model as well as
the estimated lower bound on achievable estimation accuracy,
where we utilize the Cramér-Rao Lower Bound (CRLB), give
a reasonable approximation of real-world results collected by a
passive radar system which utilizes Global System for Mobile
Communications (GSM) signals.

Index Terms—Track evaluation, passive radar, multistatic
radar, mobile communication based PCL, Cramér-Rao lower
bound, performance prediction

I. INTRODUCTION

Passive radar systems utilize non-cooperative sources of

illumination such as commercial broadcast and communication

signals for target tracking, [1, 2]. From system constraints on

each receiver up to the geometric layout of the full multistatic

system, each factor has significant influence on the achievable

estimation accuracy, [3, 4].

Track evaluation gives the opportunity to investigate these

influences and analyze discrepancies between the model of

a passive coherent localization (PCL) system and true system

performance during operation. Depending on the quality of

the model, such an assessment further provides the chance to

reason about different aspects prior to operation with the goal

to predict system performance. Track evaluation can therefore

close the feedback loop and provide insights to facilitate

further performance improvement and system reliability.

To evaluate and thereby optimize a software component within

a real system, it is crucial to consider the entire processing

chain of signal processing and target tracking while simulta-

neously taking geometrical and geographical influences into

account that may impact the system. By comprehensively

understanding and explaining these effects, we can acquire

knowledge that assists our software development process.

A series of publications investigate optimal performance and

operation criteria of passive radar systems such as [1, 2] where

a number of them employ the CRLB as a metric [3, 4]. In the

context of GSM based passive radar [5] considered operation

criteria such as detection probability and visibility constraints,

which was further extended in [6] as well as [7] presenting

performance prediction and measurement evaluation of a GSM

based PCL system utilizing the CRLB. Thereafter, [8] gave

an evaluation of GSM passive radar data by investigating

sensor parameter estimation techniques, a comparison of target

detections with detection probabilities and the evaluation of

different tracking configurations. While [9] examined further

use cases of a mobile communication based PCL system, we

presented in [10] an Evolutionary Algorithm to determine an

optimal layout with regard to target state estimation based on

the PCL model proposed in [6].

In the following, we evaluate the model’s fit to real-world

data to investigate if it provides a reasonable representation

of real-world results. We present an in depth comparison of

the model with results from a measurement campaign where

we employed a GSM based passive radar system to track sea

vessels in the Bay of Eckernförde, Germany. In this context,

the employed detection probability model is compared to

detections of each illuminator receiver pair and the estimated

lower bound is set in relation to the achieved tracking error.

We highlight geometric and geographical influences as well

as discrepancies between the model and the achieved system

performance.

After stating the necessary fundamentals in Sec. II and Sec. III,

as well as the modeling assumptions in Sec. IV and Sec. V,

which were previously also given in [10], we provide a brief

overview of the applied passive radar tracking algorithm in

Sec. VI. Sec. VII gives an in depth comparison, where,

after describing the scenario in Sec. VII-A, we compare the

detection probability model in Sec. VII-B and the estimated

lower bound with real-world results in Sec. VII-C.

II. BISTATIC MEASUREMENT MODEL

In a bistatic radar system a receiver (Rx) at position o =
(ox, oy, oz)

T receives the emitted signal from transmitter (Tx)

at s = (sx, sy, sz)
T both directly, and as a reflection off the

target at q = (x, y, z)T . By correlating both signals, the target

state parameters are estimated.

The bistatic range equation in Cartesian coordinates can be



written as r = rr + rt =∥ q − o ∥ + ∥ q − s ∥. The bistatic

range-rate equation, as stated in [11], is given by

ṙ = −λfd =
〈[ q − o

∥ q − o ∥
+

q − s

∥ q − s ∥

]
,v
〉
, (1)

with wavelength λ, bistatic Doppler shift fd, target velocity

v = (ẋ, ẏ, ż)T , and ⟨·, ·⟩ corresponding to the dot product.

The angle of the incoming echo in the x-y-plane of the

receiver’s field of view (FoV) can be calculated as φ =
arctan2(x−ox, y−oy) ∈ (−π, π], with arctan2(·) representing

the four-quadrant inverse tangent. Therefore, the relationship

of a target state x = (qT ,vT )T = (x, y, z, ẋ, ẏ, ż)T to a

measurement in range, range-rate and azimuth is given by

measurement equation h(x, s,o) = (r, ṙ, φ)T .

Assuming an unbiased Gaussian distribution, a measurement z

can be expressed as z = h(x, s,o) + ṽ, with ṽ ∼ N (0,R),
where N (0,R) specifies a Gaussian distribution with zero

mean and covariance matrix R. We further assume R to be

diagonal R = diag(σ2
r , σ

2
ṙ , σ

2
φ) with variances σ2

r , σ
2
ṙ , σ

2
φ.

III. ANALYSIS OF THE ESTIMATION PROBLEM

Due to imprecise measurements, information from multiple

Rx-Tx pairs have to be taken into account to achieve adequate

target localization and tracking, [2]. The performance of a

multistatic system can be analyzed by utilizing the Cramér-

Rao Lower Bound (CRLB), which states that covariance

matrix C of an unbiased estimator x̂ is bounded by the inverse

of the Fisher information matrix (FIM) J(x̂) [12]. Therefore,

the multi-dimensional Cramér-Rao inequality is C ≥ J−1(x̂),
compare [12], where matrix J−1(x̂) represents the CRLB.

A. CRLB under Assumption of Gaussian Noise

Following [6], the FIM J(x) for a Gaussian density

p(z|x) = N
(
z;h(x),R

)
with expectation h(x) and covari-

ance R, can be expressed as

J(x) =
∂h(x)

∂x

T

R
−1 ∂h(x)

∂x
. (2)

For N ∈ N independent measurements zi = hi(x) + ṽi with

ṽi ∼ N (0,Ri) where i ∈ [1 : N ] and h = (h1, . . . ,hN )T ,

J(x) =

N∑

i=1

∂hi(x)

∂x

T

R
−1
i

∂hi(x)

∂x
=

N∑

i=1

J i(x). (3)

Therefore, under the assumption of independent measurement

error covariance matrices Ri the complete FIM J(x) can be

stated as the sum over the corresponding FIMs J i(x).

B. Incorporating Information Over Time

Via a suitable motion model, target measurements gathered

at different instances in time can be incorporated into the

estimation process, [6]. The transition equation for a deter-

ministically moving target from time tk−1 to tk can be stated

as xk = Fk|k−1xk−1 with transition matrix Fk|k−1. Gathered

measurement information over several scans lead to J(xk) at

time tk given by

J(xk) =

k∑

s=1

F
−1T
k|s J(xs)F

−1
k|s, (4)

with Fk|s expressing the transition matrix from time ts to

tk, s ≤ k. We assume the measurement noise to be constant

over time in the following where Rs = R ∀ s ∈ N and

deterministic targets moving at constant velocity.

C. Root Cramér-Rao Lower Bound

To assess the expected estimation accuracy, we choose the

root Cramér-Rao lower bound (RCRLB) which for example

in x-y-position, where J
−1
(1,1) represents the entry of row one

and column one in the CRLB matrix, can be expressed as

RCRLB(x-y-position) =
√

J
−1
(1,1)(x) + J

−1
(2,2)(x). (5)

IV. SIGNAL-TO-NOISE RATIO

The SNR is calculated via the bistatic radar equation,

compare [2], given by

SNR(rt, rr, wϕTx
wϕRx

1DEM) =

PTx
GRx

GIxσλ
2

PN (4π)3(rtrr)2
wϕTx

wϕRx
1DEM,

(6)

with average transmit power PTx
and average noise power

PN = kBT0BF defined as the product of Boltzmann constant

kB , system temperature T0 in Kelvin, signal bandwidth B as

well as noise factor F . The receiver antenna gain is described

by GRx
, the coherent signal integration gain by GIx and the

target radar cross-section (RCS) by σ. Parameters wϕTx
, wϕRx

,

and 1DEM entail signal propagation assumptions described

subsequently.

The transmit power of a sector antenna typically decreases

with increasing angle between the direction of the transmitted

signal and its boresight [13]. To simplify this relationship,

we partition the sector relative to the antenna boresight

into several weighted angular segments. These are [−180° :
−120°), [−120° : −60°), [−60° : 60°], (60° : 120°], (120° :
180°) with respective weights wϕTx

of 0, 0.3, 1, 0.3, 0.

We assume the receiver to be a uniform linear array (ULA)

which can receive direct signals from any direction. Indirect

signals reflected by the target are assumed to be receivable

only in a sector of [−60° : 60°] around its boresight accounted

for by weight wϕRx
equal to 1 in the sector and 0 outside.

The receiver, transmitter, and target can be related in a digital

elevation model (DEM) to identify locations where signals

are shadowed by obstacles. Only for Rx-Tx pairs with an

unobstructed line-of-sight (LoS) we assume reception of the

direct signal. Similarly, we assume reception of target reflec-

tions only for Rx-Tx pairs with LoS to the target represented

by indicator variable 1DEM, which is equal to 1 if there is

a LoS from Tx and Rx to the target and 0 otherwise. Other

signal propagation effects are intentionally omitted in favor of

a simplified binary shadowing model.



V. INFORMATION REDUCTION

Assuming a perfect sensor with detection probability PD

equal to one and false alarm probability PF equal to zero is

unrealistic for most real-world applications. Following [14],

the effect of measurements with uncertain origin can be

accounted for by multiplying the FIM with an information

reduction factor. We compute this factor in form of the

detection probability as the Swerling I model in conjunction

with the minimum detectable velocity (MDV) model, compare

[6, 15], given for a constant false alarm probability PFA as

PD(SNR(·), ṙk) = P
1

1+SNR(·)

FA ·(
1− exp

(
− ln (2)

(
ṙk

MDV

)2
))

.
(7)

Please note, that choosing PFA entails a general assumption

on the magnitude of false alarms which we make in the

PD calculation. We do not model association uncertainties

explicitly, since these are impacted by multiple factors of a

real systems, such as a realistic structure of false alarms and

the type of association procedure employed, which is out of

the scope of this paper.

VI. TARGET TRACKING AND FUSION

A key role in passive radar is the sensor data fusion

step. By combining different target, receiver, and transmitter

geometries, it helps overcome the limitation in the accuracy

of a single measurement and therefore leads to an improved

position and velocity estimate, as well as enhanced detection

capability for the whole system. During the last years, FKIE

has developed a tracking architecture, based on multi hypoth-

esis tracking (MHT), which has been tested with different

passive radar transmitters [7, 16]. Here we apply a centralized

fusion strategy, which sequentially updates the information

from different transmitter and receiver pairs. Track extraction

and termination is done according to the sequential likelihood

testing, while the propagation model uses a nearly-constant

velocity model.

VII. REAL-WORLD DATA COMPARISON

In the following, the model is compared to data collected

by a passive radar system of a ship target. After a brief

description of the scenario, the estimated detection probability

is first compared to the so-called mean number of detections

and subsequently the tracking error is set in relation to the

estimated RCRLB.

A. Scenario

The target, a ship with a length of less than 20m, travels on

a long, elongated oval trajectory in the Bay of Eckernförde.

Fig. 1 provides a scenario overview showing the terrain around

the bay. The target starts near the shore and moves clockwise,

first on the northern route before curving south and returning.

Since it has sufficient distance to other targets during the

scenario, we consider it to be an independent target.

The passive radar receiver is located on the shore near the

Fig. 1: Scenario overview: The receiver FoV is marked by

a green sector, while each illuminator FoV is marked by a

blue sector. The target trajectory is depicted as a colored line

representing the RCRLB in x-y position given in [m].

PTx
40dBm [18] FdB 8dB MDV 5m s−1

GRx
12dB T0 300K σr 150m

GIx 50dB B 200 kHz σDoppler 3Hz

σ 5m2 PFA 0.001 σφ 5°

TABLE I: Model parameters of the GSM-PCL scenario.

target’s starting position and five suitable GSM illuminators

around the bay were selected. In Fig. 1, each illuminator

location and orientation is indicated by a black rectangle and

a blue sector, respectively. The green sector indicates the

receiver FoV and the black circle its position. The illuminators

have the unique IDs 1, 2, 8, 14 and 16.

The cell site locations, heights above ground and boresight

orientations of each antenna stem from [17]. The transmitting

sector antenna heights range from 15m to 32m above ground,

the GSM 900 receiver is at a height of approx. 11m above

ground. Further model parameters can be found in Tab. I. We

assume a deterministic target moving with constant velocity.

The Fisher information is computed with time difference ∆t

of 1 s between 10 consecutive updates, i.e. 11 time steps in

total with the initial target state. Further, the Swerling I model

in conjunction with the MDV model is employed to compute

the detection probability.

B. Target Detections and Detection Probability Comparison

To set the detection probability model in relation to the

target detections, we computed the so-called mean number

of detections or mean detections. The target detections were

generated as described in [8] and are given as Boolean

values for each Rx-Tx-pair. Each blue line showing the mean

number of detections in Fig. 3 is the result of applying an

averaging window of length three to the Boolean detections.

The estimated probability of detection (Pd) in Fig. 3 is given

by a dashed black line. Fig. 3 shows the estimated detection
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Fig. 2: Absolute value of the target’s bistatic velocity with

respect to Tx 1 and Tx 16. Velocities in the gray shaded area

fall below the MDV.

probability and the mean number of detections for each Rx-

Tx-pair, which we describe in the following in detail.

1) Tx 1: For Tx 1 in Fig. 3a, we observe that both curves

reach a minimum at around 13:11, where the target turns. This

can be attributed to a low bistatic velocity of the target during

this maneuver. Fig. 2 shows the magnitude of the target’s

bistatic velocity along its trajectory with respect to Tx 1 as a

blue curve where velocities below the MDV fall into the gray

shaded area. There, the bistatic velocity of the target for Tx 1

falls towards zero at around 13:11. Correspondingly, the mean

detections as well as the expected detection probability both

drop to a minimum. Therefore, for this section the detection

probability model reflects reality well.

Similarly, a low bistatic velocity with respect to Tx 1 can

also be observed towards the end of the scenario. From

approx. 13:16:20, the target’s velocity falls below the MDV.

This also leads to a decrease in detection probability, as seen

in Fig. 3a. During this period, more detections are missing,

which can be observed by intermittent drops in the blue curve

in Fig. 3a. Although there are points in time where the target

can be detected, there are still fewer detections during this

period, indicating that the utilized model is appropriate.

Fig. 4a and Fig. 4d show a spatial comparison of the two

quantities for Tx 1. There, the two regions where the target’s

velocity falls below the MDV are clearly visible.

In addition to the previously mentioned sections with low

detection count, Fig. 4d also shows two more sections where

detections are missing. One is halfway from the shore to the

farthest point of the trajectory, and the other is halfway back

on the southern section of the trajectory. These areas can

be found in Fig. 3a from approx. 13:07:10 to 13:07:35 and

from approx. 13:14:00 to 13:14:50. The cause for the lack

of detections in the northern section cannot be determined

definitively. The absence of detections in the southern section

could be related to the illuminator’s FoV and possible signal

shadowing.

2) Tx 2: Fig. 3b shows a good match for the two quantities

until 13:13:20. Thereafter, on the return along the southern

section of the trajectory, two long sections stand out where

the target is not detected, as shown in Fig. 4e. From 13:13:20

to approx. 13:14:45 and from approx. 13:15:20 to 13:16:50,

detections are missing, even though the estimated detection

probability, as indicated in Fig. 3b and Fig. 4b, suggests that
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(c) Tx 8.
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(d) Tx 14.
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Fig. 3: The figure shows a comparison of the estimated

detection probability (Pd), given as a black dashed line and

the mean number of detections, given as a blue line.

the target should be detectable.

The reason for the absence of detections becomes evident

when examining Fig. 5 which shows an azimuth-time-diagram

with angular measurements marked as black asterisks of the

relevant time span. For an angular range of approx. 75° to

100° appear repeatedly dark blue sections in Fig. 5, during

which the cancellation of the direct signal seems to suppress

too many signal components. Since for a successful target

detection a range, Doppler and angular measurement all have

to be available, missing the angular component leads to

missing target detections during these sections.

3) Tx 8: In Fig. 3c, it is noticeable that both curves exhibit

good agreement. At the time of the target’s turning maneuver

around 13:11, a decrease in both quantities can be observed.

The Doppler-time-diagram in Fig. 6 shows strong noise at
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Fig. 4: Fig. 4a, Fig. 4b and Fig. 4c show the estimated detection probability along the trajectory for the respective illuminators

Tx 1, Tx 2 and Tx 16 while Fig. 4d, Fig. 4e and Fig. 4f on the bottom row show the corresponding mean number of detections.

Fig. 5: The figure shows the azimuth-time-diagram with re-

spect to Tx 2. The ground truth is shown as a pink line, target

detections as black asterisks.

a Doppler-frequency around 5Hz for this illuminator. This

noise can be attributed to wave motion, which leads to an

asymmetric expansion of the clutter notch, compare [6, 15].

The intermittent absence of detections at the end of the

trajectory can be related to this phenomenon.

4) Tx 14: The comparison for Tx 14 in Fig. 3d reveals again

that the detection probability model fits the average number

of detections.

Fig. 6: The Doppler-time-diagram for Tx 8 shows the

groundtruth as a pink line, target detections as black asterisks.

The noise around 5Hz, seen as a red area, can be attributed

to wave motion.

5) Tx 16: Illuminator Tx 16 is the furthest away from

the receiver. Fig. 3e shows the detection probability for this

illuminator to be significantly lower compared to the ones

previously presented. This can be attributed to the low bistatic

target velocity depicted in Fig. 2 by the orange line which is

mostly below the MDV.

Especially after the turning maneuver, the detection probability

drops to a value close to zero, which is also reflected in the



Fig. 7: The figure shows the Doppler-time-diagram for Tx 16.

The ground truth is shown as a pink line, target detections as

black asterisks.

missing detections. The agreement between the two quantities

for this section can also be seen when comparing Fig. 4c and

Fig. 4f.

When looking at the beginning of the trajectory, it is noticeable

that the target can be detected, even though the detection

probability is estimated to be low. The exact reason for the

reliable detections in this section cannot be determined with

certainty. On one hand a lower MDV of for example 3m s−1

may lead to a more suitable detection probability result for

this illuminator. On the other hand, the detections could be a

random result.

When looking at the beginning of the trajectory in Fig. 7,

it is noticeable that the target detections starting from ap-

prox. 13:04:30 until approx. 13:07:30 are close to the clutter

notch around which signal noise may occur. However, for this

section the signal is significantly stronger compared to subse-

quent sections, which indicates that the target detections are

correct and therefore a reduction in MDV for this illuminator

may be appropriate.

C. Estimated RCRLB and Tracking Error Comparison

In the following we present a comparison of the track-

ing error and the estimated RCRLB. Given the difficulty

of modeling the generation process of real-world data and

the unavailability to perform Monte Carlo runs in a realistic

setup, an exact match between the two quantities is unlikely.

The goal is therefore to investigate whether the presented

model adequately reflects the trend of the tracking error and

if plausible connections between the two quantities can be

established. We found the CRLB to adequately model the trend

of the real system and therefore decided not to use the more

complex Posterior CRLB, see [19]. To account for motion

uncertainties we compute the CRLB on a fixed time window,

where the size of the time window models the temporal

integration gain assumed.

To calculate the tracking error we perform the association

of tracks and ground truth according to a distance metric in

position and velocity coordinates. Using a time window, either

the whole track or track segments are associated to account for

diverging tracks or identity switches. Fig. 8a and Fig. 8b each

show a comparison the two quantities for x-y-position and
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Fig. 8: Comparison of the tracking error, depicted by a blue

line and the estimated RCRLB, depicted by a black dashed

line with respect to x-y-position in Fig. 8a in [m] and x-y-

velocity in Fig. 8b in [ms−1].

x-y-velocity of the target. The tracking error is depicted by a

blue line and the estimated RCRLB by a black dashed line.

In case the tracking algorithm looses the target, no tracking

error can be calculated and the blue line drops to zero.

Fig. 8a shows a very high RCRLB estimate with respect to

the x-y-position in the beginning. For this section, the tracking

algorithm is also unable to track the target. The target can only

be tracked for a longer period starting at approx. 13:05:35.

Initially, the RCRLB is significantly higher than the tracking

error, indicating that the sensor may be more accurate for this

section than assumed, before both quantities approach each

other around 13:07:40. The tracking algorithm momentarily

loses the target before being able to track it again with a

higher error at around 13:08:55. The reason for the brief

loss of the target cannot be determined conclusively. Around

13:11, during the turning maneuver, the RCRLB increases

sharply, indicating a more challenging tracking configuration.

The track is momentarily lost for this period before the target

is found again at approx. 13:11:45. Subsequently, the tracking

error remains below the estimated RCRLB for several minutes

before they start to approach each other again. From around

13:15:20, both quantities follow a similar trend, with a minor

outlier, until the RCRLB increases significantly at around

13:18:35, ultimately resulting in the loss of the target.

In summary, in this scenario, three track losses appear, the first

one can not be explained by our model so further investigation

is needed from the tracking side. This could for example

involve to check if the tracker is associating correctly or

gets confused by clutter measurements. The second loss is a

combination of two effects. First, there is a strong maneuver,

which suggests that the process model in tracking may not be

adequate. Second, we are dealing with a more challenging

measurement geometry, which amplifies the impact of the

strong maneuver. The third loss can be explained by missing

detections when the target stops. When comparing the tracking

error and the RCRLB in x-y-velocity in Fig. 8b, it is noticeable



that the RCRLB in this component is estimated to be higher

than the tracking error. At the beginning and end of the

trajectory, there are some outliers in the tracking error, which

can be attributed to the initialization of new tracks after the

loss of the target. However, it is noticeable that an increase

in the RCRLB in the x-y-velocity leads to a loss of the target

both during the turning maneuver at around 13:11 and at the

end of the trajectory, which can also be observed in a drop

to zero in the blue curve. Similar increases can also be seen

at the same time points in the x-y-position components. Since

the estimated RCRLB is mostly higher than the tracking error,

the sensor may be more accurate with regard to the velocity

components than previously assumed.

VIII. CONCLUSION

The presented results show, that the passive radar model

reflects the real-world data well in many respects. The de-

tection probability model in form of the Swerling I model in

conjunction with the MDV model fits reality to a significant

degree.

The model provides the opportunity to assess the system for

plausibility and identify discrepancies. As we saw for Tx 2,

where due to the signal processing, the received signal from

certain angular ranges was temporarily suppressed, leading

to missed detections. This observation offers the potential to

adjust the direct signal cancellation procedure.

Even though the tracking error and the estimated RCRLB do

not match exactly in the presented target tracking context,

it is possible to see plausible connections between the two

quantities. Constellations where both variables complement

each other are of particular interest, especially when increases

in the estimated RCRLB relate to challenging tracking condi-

tions. By observing the occurrence of track losses, it becomes

evident how this tool can greatly assist in explaining situations

and directing further investigations.

Regarding future work, there are a variety of perspectives. One

would be to evaluate new scenarios involving alternative illu-

minators. Another is to improve the model and consequently

its fit to real-world data.
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