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Abstract. Finding or tracking location of an object accurately is a key
problem in defense applications and also object localization in the fields
of robotics and computer vision. Radars fall into the spectrum of highend defense sensors or systems on which the security and surveillance
of entire world depends. There is a lot of focus on the topic of multi
sensor fusion in recent years with radars as the sensors. Key issues of
focus in this topic include the variable sampling rate of sensors due to
which the time interval of the observational data can change irregularly,
delays in communication between the multi sensor fusion system and
sensors and protocol to use when targets enter and leave observation
range of a sensor. In this paper, we focus on the problem of asynchronous
observation of data which can reduce the tracking accuracy of a multi
sensor fusion system comprised of radars of different types at different
locations. Our solution utilizes a machine learning approach to train
models on hundreds of hours of (anonymized real) multi sensor fusion
data provided by radars performing tracking activity across Indian air
space. Our approach comprises of 3 steps: In the first step, we train an
ensemble model of logistic regression and Xgboost to predict one type of
error namely splitting error, which can help to improve the accuracy of
tracking. In the second step, we use Xgboost to predict the second type
of error namely merging error, which can further improve the accuracy of
tracking. The third step uses a nearest neighbour search to compensate
for the predicted errors by retaining the data points removed in the first
two steps while maintaining the tracking accuracy. Our experimental
results show that the trained models provide good predictions of errors
and increase accuracy of tracking by 15 percent while retaining around
100 percent of the data.
Keywords: Radars · Multi Sensor Fusion · Object Tracking.
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Introduction

Determining or tracking the location of objects is an important problem in
robotics [2], computer vision [3] and for defense applications in general [1].
Radars are generally used in defense applications when we need to locate objects
over long distances and fall into the category of high-end security systems on
which surveillance of entire world depends in current times. A radar is an electromagnetic system [4] which is useful for detection and location of target objects
such as aircraft, ships, spacecraft, vehicles, people and natural environment [5].
It can be viewed as an active sensor which can detect targets by emitting large
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power electromagnetic signals and also determines the angle, range or velocity of
the targets. Radars work in all kinds of weather and this all-weather capability
has contributed to their extensive use in various commercial applications such
as autonomous robotics and mobile systems and defense applications such as
tracking, surveillance and detection of targets in air, naval and ground.
The topic of Multi Sensor Fusion (MSF) has received a lot of attention
in the recent years [4] due to the increasing automation across the world which
resulted in a significant increase in the number of information collection devices.
This is true in the context of radars too due to the following reason: To ensure
smooth tracking of targets, radars have overlapping regions they monitor which
can result in detection or collection of varying data on the same aspect of an
issue or for the same target being tracked, which makes multi sensor fusion a
necessity. Through the integration of data obtained from different sensors, the
results can in general be optimized better and made continuous in terms of
having a complete picture rather than having individual snapshots of a scenario
obtained using multiple independent radars. Considering the fact that newer
radars with different properties may replace some of the older ones over time,
defense organizations would in general need to perform multi sensor fusion for a
heterogeneous multi radar system.
Due to the differences in sampling rate of sensors, the communication delay
between sensors and overlapping regions of observations for the various sensors,
there can be asynchronity in the their observations which can significantly reduce the tracking accuracy of a multi sensor fusion system. There is therefore
a strong need in the defence and commercial industry to develop solutions that
improve the tracking accuracy of multi sensor fusion systems. We propose to
use a machine learning based approach in this paper to tackle this issue. Rest
of the paper is structured as follows: We provide brief introduction on radars
and multi sensor fusion based tracking in Section 1, define the specific problem
faced in defense industry in Section 2 and briefly describe the concepts used in
the paper in Section 3. We propose our machine learning approach in Section 4,
present the experimental results obtained using our approach in Section 5 and
present the conclusions and future work in Section 6.

2

Problem Description

The Indian Air Force uses a multi radar system to detect flights pan India.
These radars are located in different parts of the country and each radar has its
own processing center. Measurement data is processed by each radar resulting
in multi-target local tracks Lt . The processing involves usage of Kalman and
advanced Kalman filters to compute the 3d location (in the form of distance
from the sensor) and velocity of the above tracks. The processed information
is then sent to fusion center of the system which performs multi sensor fusion
(MSF) for data alignment, data interconnection, track filtering and association
and track fusion to obtain the position in the form of latitude, longitude and
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altitude. The global track Gt is then computed using the local track information.
Figure 1 captures the process flow involved.

Fig. 1. Working of Multi Sensor Fusion System

A real world multi sensor fusion system has a lot of engineering involved
apart from track association and alignment algorithms, which typically include
human generated rules tailored to specific use cases. As the use cases expand,
as heterogeneous radars get added, as the nature of targets change and as the
requirements for accuracy increase, the system gets more prone to errors due to
limitations in the multi sensor fusion logic. Consider a scenario in which there
are say 4 air targets. Sensors gather data from these air targets and generate
Air Situation Picture (ASP) displaying 4 air targets with relevant attributes.
However, there will be times where the actual number of air targets are shown
as 4+/4- for certain period of time and then again shown as 4. If the MSF system
observes 4+ air targets we call the error as a splitting error Es i.e., sensing
multiple targets when only a single one is present. When it observes 4- air targets
we call the error as merging error Em (sensing a single target when multiple
targets are present). Es can lead to the system assuming that there is an enemy
flight in air even though there isn’t any. Em can lead to the system assuming
that there is no enemy flight in air even though there may be one (or more).
Both these errors in air surveillance can result in errors in threat evaluation by
the system which would in turn result in wrong action getting taken leading to
serious threats and security issues.

3

Our proposed solution

Figure 2 presents block diagram of our proposed solution to improve the tracking
accuracy by using a machine learning approach in the data obtained after MSF.
The MSF data is collected on a daily basis and is stored as a history dump (past
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Fig. 2. Proposed AI Model

1 week data which we refer to as dataset in the paper) to train (two separate)
models that handle splitting and merging issues. We post process this history
dump data which consists of flight code to classify splitting and merging (real
time data doesn’t contain flight code). The splitting model S would provide
splitting confidence Cs i.e., probability of splitting. When a data point has high
Cs then it is classified as splitting else it is real. We find the original Global
Track number Gt of all data points classified as splitting. Similar to splitting
model S, the trained merging model M provides merging confidence Cm i.e.,
probability of merging.
Our approach comprises of 3 steps: In the first step, we train an ensemble
model of logistic regression and Xgboost to classify all data points into splitting
and real which can help to improve the accuracy of tracking. In the second step,
we use Xgboost to classify all data points into merging and real which can further
improve the accuracy of tracking. The third step uses a nearest neighbour search
to modify data points classified as splitting into real ones. Figure 3 presents block
diagram of these three steps.
We now present details of each of the three steps.
3.1

Step 1: Splitting Classification Model S Es

Based on understanding of the dataset, we identified the following features to
use for development of splitting model S – latitude, longitude, altitude, speed
and direction of object detected by MSF system at each time step precise to a
millisecond, number of radars and a unique id depicting the specific combination
of radars used in the MSF system for creation of individual data points.
MSF performed on the data provided by individual radars leads to assignment of global track number Gt to each of the newly detected objects. If for a
particular flight, a new Gt is assigned even though there is an existing one, all
the data points detected with a new Gt are a result of splitting from the original
Gt of the flight and will be classified as splitting (data points created as a result
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Fig. 3. Models Training Methodology

of Splitting Errors Es ). Let our training dataset with features mentioned above
be denoted as Dtr and test dataset with features mentioned above be denoted
as Dt
As part of the ensemble model, we first use a parametric machine learning
algorithm Logistic Regression and train it with Dtr . We add the predictions
obtained using the logistic Regression to our train set Dtr and test set Dt and
denote these new datasets as Dtrs1 and Dts1 respectively. Next we use a non
parametric machine learning algorithm XGBoost and train it with the new train
dataset Dtrs1 . We obtain splitting confidence Cs from the above model. If the
output has high Cs (based on threshold which gives the highest f1 score) then we
classify it as splitting. We add the predictions obtained by using the XGBoost
model to both our train set Dtrs1 and test set Dts1 and denote these new data
sets as Dtrs2 and Dts2 respectively.

3.2

Step 2: Merging Classification Model M Em

We use the initial training set Dtr and the initial test set Dt for purposes of
developing this model. If for a particular global track number Gt , a new flight
number gets associated by MSF system even though there is an existing one, all
the data points detected with this Gt and the new flight number are a result
of merging of 2 different flights and will be classified as merging (data points
are combination of multiple data points (flights) merging together after MSF at
some time step). We use a non parametric machine learning algorithm XGBoost
and train it with the train dataset Dtr . We obtain merging confidence Cd from
the above model. If the output has high Cm (based on threshold which gives
the highest f1 score) then we classify it as merging. We then insert a new data
point with the same features as input data points but with a new global track
number. So now every data point classified as merging is split into two different
tracks which in turn lead to reduction of merging error Em .
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Step 3: Correcting data point classified as splitting

In the first two step we determined which data point is tracking accurately and
which is not. But we cannot just delete the data points which have splitting
issues as we may lose important tracking information of targets. The third step
therefore helps in correcting/retaining the data points which were classified as
splitting. First we create a new train Dtrgt and test dataset Dtgt from our train
Dtrs2 and test dataset Dts2 obtained by splitting model S and retaining entries
with predicted splitting value Ps of 1. Every data point in our dataset forms
at a particular time precise to a millisecond. In dataset Dtrgt , for every data
point we construct a small new dataset with all the data points captured in the
immediate past of this data point. For every data point, we find the Gt of the
nearest neighbour by calculating the Euclidean distance between the features
latitude, longitude and altitude of every data point in the constructed dataset
and the data point whose original Gt we are trying to determine.

4

Experiments and Results

We performed a survey of different papers at start of this work and could not
find ones that can be of significant help. Most state of the art multi sensor fusion
process operate on small domain settings and use machine learning during the
multi sensor fusion process whereas our work involves monitoring a very large
area with lots of objects to track in real-time(scalability) and proposed algorithm
uses the data obtained from the multi sensor fusion process and improves on it
so would work for any organization where sharing the multi sensor fusion process
is a security risk.
As part of our experimentation, we compare the performance of our splitting
S and merging M models against the following algorithms: Logistic Regression,
Gaussian Naive Bayes, Support Vector Machines, Gaussian Nearest Neighbour,
Random Forest Classifier, XGBoost, Stacking Logistic Regression with XGBoost
and Artificial Neural Networks.
Dataset: Our dataset contains 3.3 million data points obtained as part of 1 week
of MSF history dump. It is post processed by us as per method given section 4.1
and 4.2 as it doesn’t contain splitting and merging values which we get using
flight code provided in the MSF data. After post processing of MSF data, we
get around 653k (k = 1000) data points classified as splitting (i.e. they are
formed as as a result of splitting error) and around 73k data points classified
as merging(i.e. they are formed as a result of merging error).This translates to
an error rate of 22 percent (i.e. tracking accuracy of 78 percent),20 percent due
to splitting error and 2 percent due to merging error. Due to this imbalance in
, instead of using accuracy or mean squared error as criterion, we use f1 score
which is the harmonic mean of precision and recall.
3.2 million random data points are our test set Dt and the other 100k data
points from the above are used as train set Dtr . We use such a small train set Dt
compared to the whole data because any increase in data with the algorithms
used in our experiments, lead to over fitting or no further increase in accuracy.
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Splitting Classification Model S

Table 1 presents prediction results for eight different techniques (including our
technique Stacking Logistic Regression with XGBoost) obtained using comparing
splitting prediction PS and splitting (target variable) value (obtained using
post processing of MSF data which isn’t available real time) in the test dataset
Dt . Note that the dataset Dtr was used for training the splitting model S
along with hyperparameter tuning. A number of structures were considered for
designing the neural network that provides the best feasible performance.
Table 1. Results of Splitting model
Sr No Algorithm
F1 Score
1)
Logistic Regression
0.55
2)
Gaussian Naive Bayes
0.49
3)
Support Vector Machines
0.49
4)
K Nearest Neighbours
0.38
5)
Random Forest Classifier
0.86
6)
XGBoost
0.89
7)
Stacking Logistic Regression with XGBoost 0.94
8)
Artificial Neural Networks
0.64

Recall
0.68
0.69
0.37
0.38
0.81
0.84
0.94
0.81

Table 1 shows that a stacking model which ensembles Logistic Regression
with a XGBoost classifier has the best performance predicting the Splitting errors Es . We obtain the following scores from this model when applied to our test
dataset Dt :
Accuracy = 0.98
Precision = 0.95
Recall = 0.94
F1 Score = 0.94
So the tracking accuracy of the test dataset Dt can be increased from previous 78 percent in the first model to around 95 percent, if we delete the data
points with Ps = 1. Fig ?? shows the relative importance(average number of
training samples classified correctly because of a particular feature) on x-axis
and the different features used in the splitting model on the y-axis. We observe
the following order of importance for the features namely logistic regression predictions followed by Flight type, global track number, no of radars used (the no
of radars used to get this data point) and location parameters.
4.2

Merging Classification Model M

Table 2 presents prediction results for seven different techniques (including our
technique XGBoost) obtained using comparing merging prediction PM and
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merging (target variable) value (obtained using post processing of MSF data
which isn’t available real time) in the test dataset Dt . Note that the dataset
Dtr was used for training and hyperparameter tuning the merging model M.
As with splitting model S, a number of structures were considered for design of
neural network to obtain the best feasible performance.
Table 2. Results of Merging model
Sr No Algorithm
F1 Score
1)
Logistic Regression
0.1
2)
Gaussian Naive Bayes
0.04
3)
Support Vector Machines
0.12
4)
K Nearest Neighbours
0.11
5)
Random Forest Classifier
0.45
6)
XGBoost
0.91
7)
Stacking Logistic Regression with XGBoost 0.88
8)
Artificial Neural Networks
0.51

Recall
0.19
1
0.4
0.11
0.35
0.89
0.85
0.62

Table 2 shows that XGBoost classifier has the best performance predicting
the Merging Errors Em . We obtain the following scores from this model when
applied to our test dataset Dt :
Accuracy = 1
Precision = 0.92
Recall = 0.89
F1 Score = 0.91

So the tracking accuracy of the test dataset Dt can be increased from previous
95 percent in the second model to around 97 percent, if we add an extra data
point with new Gt for every Pm = 1. Fig ?? shows the relative importance (yaxis) of the different features(x-axis) used in the merging model. We observe the
following order of importance for the features namely Flight type, global track
number, no of radars used (the no of radars used to get this data point) and
location parameters.
4.3

Correcting data point classified as splitting

For finding the original track number, we first looked into clustering algorithms
as we wanted to cluster all data points classified as splitting with a real data
point. As cluster locations(i.e. feature values of data points classified as splitting)
need to be fixed, there was no need for learning so clustering algorithms were
unnecessary and euclidean distance was used. Via experimentation with our
training data , we find that a time range of 20 seconds provides the most accuracy
in predicting Gt for all data points in our train dataset. We therefore use this
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time range to obtain predicted global track number Gpt in our test dataset
Dtgt . By comparing Gt and Gpt we observe an accuracy of 61 percent in our
test dataset Dtgt . This means that due to the compensation of errors performed
using Step 3, we have a 61 percent chance of being able to identify the correct
global track Gpt of a flight which was classified as splitting. So our final accuracy
without the third step is 97 percent but with only around 78 percent retention
of data, after the third step our accuracy reduces to 91 percent but with 100
percent retention of the data.
4.4

End Results

Out of our 3.2 million data points in test dataset Dt , with around 20 percent
having splitting value 1 (formed due to splitting error Es ) and 2 percent having
merging value 1 (formed due to merging error) Em , we are able to predict 98
percent of the data points of the data points that have splitting error and 99
percent of the data points that have merging error. So if we delete the data
points with splitting error we get an tracking accuracy increase from 78 percent
to almost 95 percent but a reduction of data points from 3.2 million data points
to 2.6 million in test dataset Dt . /Using step 3, we can add back all the data
points to the test dataset Dt but tracking accuracy reduces to 91 percent which
is still a 13 percent increase from MSF. As merging is predicted with near 100
percent accuracy, we correct the 2 percent merging error and increase total
tracking accuracy to 93 percent which boils down to a total 15 percent increase
in tracking accuracy after MSF with 100 percent data retention.

5

Conclusion and Future Work

The topic of Multi Sensor Fusion has received great attention in the recent years
due to its application both in military and commercial applications. In this
paper, we focus on the issue of improving accuracy of the output of an existing
Multi Sensor (Radar) Fusion System used in the context of tracking flights across
India. Due to the asynchronous observation of targets by the radars as well as
overlapping regions of observation, a number of errors happen during the fusion
process primarily categorized into merging and splitting errors. In this paper,
we introduce a three step machine learning approach to improve the confidence
in tracking and reduce the errors observed. In particular, we train models to
predict splitting (step 1) and merging (step 2) of tracks in data and and use
nearest neighbour search (step 3) to compensate for the identified errors that
would help to improve the tracking accuracy while retaining most of the data.
Using this three step process, we are able to improve the accuracy of tracking of
the MSF system from 78 percent to about 93 percent while retaining 100 percent
of the data. Along with high performance we also score well on explainability
(important criterion for deployment).
Another aspect we plan to look into is the following: While our algorithm
can potentially help with identifying and compensating for the errors in tracking,
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given the sensitive nature of defense operations there can still be uncertainty in
the mind of an operator overseeing a system of this nature. There will therefore
be a need for consideration of other actions depending on the confidence in
tracking. We therefore plan to look into usage of a formal planning model like
Partially Observable Markov Decision Process (POMDP)[17], which can enable
tracking of belief and specification of different actions based on the computed
belief in the tracking process.
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