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Optimal Driver Warning Generation in Dynamic Driving Environment
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Abstract— The driver warning system that alerts the human
driver about potential risks during driving is a key feature of
an advanced driver assistance system. Existing driver warning
technologies, mainly the forward collision warning and unsafe
lane change warning, can reduce the risk of collision caused
by human errors. However, the current design methods have
several major limitations. Firstly, the warnings are mainly
generated in a one-shot manner without modeling the ego
driver’s reactions and surrounding objects, which reduces the
flexibility and generality of the system over different scenarios.
Additionally, the triggering conditions of warning are mostly
rule-based threshold-checking given the current state, which
lacks the prediction of the potential risk in a sufficiently long
future horizon. In this work, we study the problem of optimally
generating driver warnings by considering the interactions
among the generated warning, the driver behavior, and the
states of ego and surrounding vehicles on a long horizon.
The warning generation problem is formulated as a partially
observed Markov decision process (POMDP). An optimal warn-
ing generation framework is proposed as a solution to the
proposed POMDP. The simulation experiments demonstrate the
superiority of the proposed solution to the existing warning
generation methods.

I. INTRODUCTION

The road traffic plays an important role in people’s lives.
With the development of the complexity of city road net-
works, it is crucial for an advanced driver assistance system
to be able to alert the potential risks to the human driver
during driving. As shown in the studies of the human driver
behavior with the warning system [1]-[3], existing driver
warning technologies, mainly the forward collision warning
and unsafe lane change warning, can reduce the risk of
collision caused by human errors.

Howeyver, studies show that the human drivers’ reactions to
warnings vary with the type of warning and different drivers
[4], [5], while the existing methods have not addressed
this phenomenon adequately. Most methods in the literature
mainly generate the warning in a one-shot manner without
modeling the ego driver’s reactions and surrounding objects
[6]-[8], which reduces the flexibility and generality of the
system over different drivers and scenarios. Meanwhile,
the triggering conditions of warning are mostly rule-based
threshold-checking based on the current state, such as the
time-to-collision (TTC) and the minimum safety distance
[9]-[11], which lacks the prediction of the potential risk
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in a sufficiently long future horizon. As a consequence,
the current warning systems, while effective in preventing
collisions, tend to prompt urgent and uncomfortable braking
actions. Studies have emphasized the importance of execut-
ing smoother and more comfortable braking maneuvers to
assist drivers in avoiding not only identified dangers but also

collisions with subsequent vehicles [12].

This work seeks to address these issues by formulating
an optimal warning generation problem that considers the
relation between the generated warning and the driver’s
reaction and also the interaction between the ego vehicle and
other agents on a long horizon. The problem is modeled as
a partially observed Markov decision process (POMDP), in
which we quantify the value of warnings through the comfort
and safety of the future ego vehicle trajectory in the context
of surrounding objects, and the cost through their format
and frequency. An optimal warning generation framework is
proposed as a solution to the POMDP. The key contributions
of this work are as follows:

- We propose a novel formulation of the optimal warning
generation problem that considers the driver and surround-
ing vehicle reactions, and both the safety and the comfort
of future ego trajectories.

- We propose a warning generation framework combining
driver behavior estimation as the solution to the above
problem. The framework has the flexibility to incorporate
any prediction models of the driving scenario.

- The proposed method is evaluated over comprehensive
closed-loop simulation experiments, which demonstrates
the superiority of the proposed solution to the existing
warning generation methods.

II. RELATED WORKS
A. Driver warning system

Most methods in the literature generate the warning
through threshold-checking based on the current state. [7]
generates the warnings by continuously comparing Time
Headway with a flexible threshold that is updated based on
drivers’ actions. [8] generates warnings based on the distance
identified from the front camera and the drivers’ attention
identified from the inside camera. Some methods consider
a longer horizon by utilizing a learned neural network. The
method in [11] and [13] utilizes a neural network to predict
the driver’s behavior and generate warnings based on the
TTC threshold. There are also some methods trying to solve
the problem through vehicle-to-vehicle connections. In [10],
warnings are produced based on the driving intention of other
vehicles which are transmitted to the ego vehicle through
vehicle-to-vehicle (V2V) communication.
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Fig. 1.  Markov decision process (MDP) formulation of the warning
generation problem. The state of the MDP s;, shown with blue, includes
the state of the scenario s; and ego driving policy before the warning 7, BW.
The action of the MDP q;, shown with green, is the warning w; prov1ded
to the ego diver. The state transition, shown with orange, follows the Eq. 6.

TABLE I
EGO DRIVING BEHAVIORS

Driving Behaviors \ Description
Tsafe Driving with safe and optimal actions
Thlind Driving without considering other agents
Thrake Braking and then recovering to Tg,fe
Tedelay Switching to new behaviors with a delay

B. Human driving behavior with warnings

There are studies in the literature that investigate the effect
of the warning system on human driving behavior. In [4],
researchers find that the human drivers’ reactions to warnings
vary with the type of warning. Meanwhile, the results in [5]
also indicate that age, year of driving experience, collision
type, and warning type can affect driving performance. [12]
shows that a good warning will produce a comfortable
braking maneuver which not only helps to avoid forward
collisions but also rear collisions.

III. PROBLEM FORMULATION
A. Ego Driving Behavior

To provide necessary and accurate warning information to
the ego driver, it is essential to model the ego driving be-
havior, which can be represented by a driving policy 7(als;).
a denotes the driver’s action including the acceleration and
steering angle. s; is the current state of the scenario, including
ego dynamic states and its history x;, all the N surrounding
agents’ dynamic states and their history ¥; = {y},...,yV}, and
all the other environment information like map and so forth.

We model the ego driving behavior into four different
modes, as shown in Table 1. Before the warning is provided,
the ego driver may already notice the danger and drive safely
considering all the other agents. The ego driving behavior
under this mode is denoted by Ty, (als; = (x;,Y;)).

Meanwhile, the ego driver can also be distracted and
carelessly ignore the danger, under which the policy can
be denoted as Tyjing(als;). Even though the driver is driving
unsafely under m,)inq, the driving behavior should still follow
the human driving properties. Thus, we can derive Tyjinq from
Tsafe DYy masking out Y;:

(x1,0)). (D

Toplind (A]S;) = Taate (als; =

After the warning, it can be observed that sometimes
the driver tends to decelerate immediately before really
considering the scene and optimizing their actions [4]. The
action policy on this mode is denoted by yke(Tk)(als:).
Under this policy, the ego driver will take brake action for
Tk time, and recover to T, after that:

Adecelerate t <Tg )
”safe(a|st = (xt;Yt))> t>Tg

where agecelerate 15 @ fixed action that has negative accel-
eration and T is a fixed parameter as it is a feature of an
individual. Note that 7,k 1S always a sub-optimal compared
with Ty as its action space during 7 is a subset of Tgyfe.

In addition to that, it also takes some time before the
human really begins to react to the warning [1], [2],
[12]. To describe this behavior, we define the delay policy
Tdelay (T, Ta, Tp) (als;). When driving with this policy, the
ego driver will follow 7, for Tp time and switch to 7, after
that, where m, and 7, can be any driving policies except
Tedelay itself:

Toorake (TR ) (als;) =

t<Tp
t>Tp

be(a|sl)a
77:a(a|s,),

Similarly, we are also considering Tp is fixed over different
combinations of behaviors, as it is a feature of an individual.

In practice, those behaviors can be obtained through
different methods, such as data-driven methods in [14]-[17]
and model-based methods in [18]-[21]. We don’t assume any
specific methods in our framework.

3)

ﬂ:delay(n'ba Mg, TD)(a|Sl) =

B. Behavior Transition

After providing the warning information, there is a chance
that the driver doesn’t notice the warning and doesn’t react to
the warning [2], [4], [5]. Meanwhile, the different levels of
warning can make drivers react to the scene in different ways
[4], [12]. Thus, it is crucial to model the behavior transition
of the driver when receiving the warnings. Let

T (m,wy) = Pr(m|m, wy) )

represent the probability of the driving policy 7, switching to
another policy 7 after receiving the warning w, € W, where
W = {No warning, Text, Voice, Alarm, Take over} is the set
of possible warnings that can be provided to the driver.

In practice, this model can be obtained through the human
drivers’ data. However, there is still some domain knowledge
that needs to be included. When the scenario is extremely
dangerous and the system decides to take over the control to
force the vehicle to slow down, the driving policy will switch
to Thrake immediately without any delay. Meanwhile, as Tyake
is a more cautious behavior than 7rg,¢, any warning can only
transform 7gype tO Thrake DUt not the opposite direction.

C. System Modeling

With the modeling of the ego driving behavior and its
transition, the warning generation problem can be discretized
and modeled as a Markov decision process (MDP) problem,
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as shown in Fig. 1. The state of the MDP s, includes the state
of the scenario s; and ego driving policy before the warning
7BV, the action of the MDP g, is the warning w, provided
to the ego diver:

St = (shﬂtBW)a

a; — Wy.

(&)

During the MDP state transition, the ego driving policy after
the warning 7r,AW will be decided first following the behavior
transition model .7 (7EBW,w;). Then, the policy will produce
the driver’s action and move the ego dynamic state to the
next step through the dynamic. Meanwhile, the surrounding
agents will also decide their actions based on the current
state of the scenario. As the step time between the two states
is small enough, we assume the driving policy at the next
step before the warning is the same as the driving policy
at the current step after the warning. Thus, the whole state
transition process of the proposed MDP can be summarized

as:
a™ o~ T (™ w),

a, ~ 7 (als;),
Xt+1 :f(xt7ar)7 (6)
Yt+1 :g(S[),

BW _ _AW
Ty =7,

where g represents the behavior and dynamic of surrounding
agents, which can be obtained through different existing
trajectory prediction methods in the literature [22]-[24].
The reward of the proposed MDP R(s;,w;) contain two
aspects: the trajectory reward RTraj(st,al) and the cost of
warning action Ryaming (W;). The trajectory reward quantifies
the safety and comfort of the trajectory, the efficiency of
the driving action, and the tendency to follow the desired
velocity, while the cost of warning action quantifies the
severeness of a warning. For example, an alarm warning is
way more severe and discomforts the driver more than a text
message warning. Let H denote the searching horizon, the
optimization problem we are solving can then be written as:

(7

where s; = (st,ntBW) is the state of MDP as defined above,
and 7 is a discount factor. However, in general, the current
ego driving behavior 72V is unknown, which makes the
problem become a partially observed MDP (POMDP) and
be very hard to solve. In Sec. IV, V, we will discuss how

we handle this problem in detail.

IV. BEHAVIOR ESTIMATION

As discussed in the previous section, in practice, it can
be difficult for the system to directly obtain the current ego
driving behavior. However, the states of the scenario s; as
well as the driver’s actions a, are easy to access through
sensors. Therefore, we can estimate the ego driver’s behavior
through the state measurements and driver’s actions by

Bayesian inference. The estimation is computed with three
steps: model prediction, observation correction, and state
transition. These steps compose a generic design, thus when
we have some other observations of the driving behavior like
head pose and and gaze [7], [25], it can be fused into these
steps easily.

1) Model prediction: Let b(nE"Y) denote the estimated
behavior distribution, and b(7EW) be the initial estimated
distribution. After receiving the warning, the estimation will
be updated with the model:

b (™)=Y T (m,w)b(xfY =), (8)
nell
where b~ (7AW) is the estimated distribution after the model

prediction step, IT is the set that contains all possible driving
policies.

2) Observation correction: After the ego driver takes an
action a;, the estimated behavior will be updated through the
Bayesian inference:

b (mY = 1) = m(ayls) x b~ (™ = m)

- Yrenn(als) x b~ (A =)’

9

where b* (7AV) is the estimated distribution after the obser-

vation correction step.

3) State transition: Based on the state transition modeling
Eq. (6), the estimated distribution of the behavior at the next
step before the warning can be obtained by:

b(rPY) = b (rV). (10)

Note that for behavior Zppre and Tgelay that have internal
behavior transitions, such transitions may happen as time
passes and will be captured during this state transition update
step.

V. OPTIMAL WARNING SEARCHER

With the estimated behavior distribution, the problem can
be solved either through the MDP formulation which utilizes
the most probable behavior from estimation, or POMDP
which considers the whole estimated distribution and solves
the optimization over the belief space. However, due to the
complexity of the problem and the exponential tendency of
the development of future states, it is infeasible to solve the
exact POMDP problem in real-time. In the following subsec-
tions, we investigate two different approximated solutions to
the POMDP problem.

A. MDP with estimated state

After acquiring the estimated behavior distribution, we can
extract an estimate from the distribution as an estimated state
and solve the problem as MDP. The behavior estimates are
generated by the following equation:

BW
#BW _ ) Molind; b(mPY = Tyling) > Thatety
' argmax; b(nEY = 1), otherwsie

, (D

where 22V is the extracted estimates at time step , Theafery
is a safety threshold to satisfy the robustness and safety
requirement of the warning system.
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Fig. 2. MDP State Tree After Simplification Rule Applied. Each node
represents an MDP state. Each edge represents a possible state transition.

Algorithm 1 Optimal Warning Searcher
Input: Current state of the scenario sy, estimate of cur-
rent ego driving policy #3W, behavior transition model
T (mBY w,), searching horizon H.
Output: Root state of built tree sy, warning sequence for
future steps {wo,...,wr_1}.
1: Initialize the root of the MDP state tree: so = (So, 75" )
2: sy < FORWARDSIMULATION(s)
3: {wo,...,wy_1} < BACKPROPAGATION (sg)
4: return so, {wo,...,wg_1}

By considering #2W as an estimated state, we can solve the
problem by estimating the Bellman equation online. Based
on the modeling presented in Sec. III, the Q-function can be
represented as follows:

O(sr,a1) = Q ((SZa”zBW)th)
= Ruaming(Wr) + By [Rrvaj (51, 2,) ]
+YE@) [V (si41,70))] 5
V() =V (s, )

= %aXQ((SZaEFW)vwl) )
t

12)

where,
(%)t ~ T (xBY wy), a;, ~ 7V (als,)

By discretization of actions, the development of the states
can be formed as a tree, as shown in Fig. 2 in which each
node represents an MDP state, and each edge represents a
transition between the states. Based on the tree, we proposed
a search algorithm to estimate the Q-value of each action at
each state. The proposed algorithm 1 contains two phases:
forward simulation and back propagation.

1) Forward simulation: During the forward simulation,
the tree will be constructed from the current state with
driving actions with maximum probability from the differ-
ent driving policies. Even though the driving actions are
simplified, the states will still develop exponentially and
become intractable after several time steps. To reduce the
dimension of the tree, we simplify the branches whose ego
driving behavior is under or switching to Mo and Trake-

Algorithm 2 Optimal Warning Searcher: Forward Simulation

1: function FORWARDSIMULATION(sg)

2: <0

3 while t < H do

4 s; < child of s,_; that 7'L'IBW = Tplind

5: Initialize behavior list TIAY from 7 (72W, wy)
6: for = € TIAV do
7
8
9

a < argmax, 7(als;)
Xt+1 = f(xl‘aa)

: Y1 =g(s)
10: St1 < (Se41 = (x,+1,Y,+1),7TE~_VY =)
11: I’(S,,St+1) eRTraj(st,a)
12: Add s,y to the children list of s;
13: if 7 is switching to Tgfe OF ke then
14: Build full branch form s,4 to sy with @
15: end if
16: end for
17: t—t+1
18: end while
19: return sy that 75V = g

20: end function

On those branches, the warning provided to the driver is
fixed to w, = No warning. Therefore, for those branches, the
algorithm will roll out to the end and return the Q-value
immediately, which reduces the treewidth over searching
depth from exponential increasing to linear increasing, as
shown in Fig. 2.

Such simplification is reasonable because of the following
reasons. As introduced in Sec. III, Zg,¢. and Tyqke are policies
that will decide the driving actions while considering all the
other agents. The 7. is always sub-optimal compared with
Tsafe and can not be transformed to 7g,g through warning.
Thus, as long as these behaviors are able to produce a
collision-free trajectory after the delay, there is no need for
a further warning. When the delay of reaction makes gyfe
and ke fail to produce a feasible trajectory, only taking
over the control of the vehicle can handle the scenario.
Under this case, the taking over can be applied at an early
step or late step based on the rewards. However, for safety
considerations, we would apply taking over earlier so that
the ego driver has more time and space to react. Thus, with
current simplification, when we know the policies will fail
due to the delay, we will apply taking over directly.

2) Back propagation: During the back propagation, the
estimated Q-value will be computed backward from the leaf
nodes. In the meantime, it will also select the best warning
wy to be provided at each time step. After propagating to the
root node, the algorithm has updated all Q-values and is able
to return a warning sequence for future steps when the ego
driver doesn’t notice the warning.

B. Approximated POMDP

The estimated state ignores the uncertainty and has to
utilize the safety threshold Thgafety to reduce the error brought
by the overconfident estimates. To address this problem,
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Algorithm 3 Optimal Warning Searcher: Back Propagation
1: function BACKPROPAGATION(sy)

2: V(SH) =0

3: St < SH

4: while s; has parent do

5: sp < parent of s;

6: Extract r(sp,Sp+1), Vsp41 € children of s,
7: for w, € W do

8: Q ((sp, mp"),wp) < Update by Eq. 12
9: end for

10: w) — argmax,,, O ((sp, ngw), wp)

11: V(sp) < max,, Q ((sp, "), wp)

12: St < Sp

13: end while

14: return {wo,...,wy_1}

15: end function

—) Driving direction

54 - R ——
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_5 ____.._ e | o e ]
40 6|0 8|0
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-5 'l__.__“ 7| e
20 40 60
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Fig. 3. Experiment scenarios. The blue vehicle represents the ego vehicle
driving at 11m/s. The red vehicles are background vehicles. The yellow
vehicle is the active dangerous vehicle that will trigger the warning to the
ego vehicle: (a) it will conduct a hard brake decreasing its speed from 12m/s
to 8m/s with maximum deceleration; (b) it will switch to the ego vehicle’s
lane at a lower speed 8m/s. dg,p represents the gap between the ego vehicle
and the active dangerous vehicle.

we can build another approximation method by solving
the warning with the maximum expected Q-value over the
estimated behavior distribution. The formulation can be
represented as:

maxEﬂBWNh(ngw) [0 ((so,an)7W0)] ’ (13)

wo

where each Q-value Q((so,7%V),wy) can be obtained
through the same algorithm for the MDP with estimated

state.

VI. EXPERIMENTS

In this section, we conduct several experiments to eval-
vate the proposed framework. In Sec. VI-A, we introduce
the environment setting and configurations of the proposed
framework for experiments and the rule-based warning gen-
erator baseline. In Sec. VI-B, we present the closed-loop
simulations and provide an analysis of the performance.

A. Experiment setting

1) Scenarios: We are primarily interested in those sce-
narios that are dangerous to the ego driver and focus our
experiments on the lane change scenarios and hard braked
front vehicle scenarios, as shown in Fig. 3. During the
simulation, the proposed framework is applied to the ego
vehicle whose initial driving policy is 7pjing. We also create
an active dangerous vehicle with some background vehicles,
which will cause danger and collisions if the ego driver
doesn’t change his behavior. Let dg,p represent the gap
between the ego vehicle and the active dangerous vehicle.
The experiments are conducted over different initial dg,p,
while the behavior is simulated by the IDM model with
parameters fitting from real-world data.

2) Baseline: We compare our method to the classical
Time to Collision (TTC) based warning, in which the warn-
ing is decided based on a TTC threshold. In addition to
that, we also implement an adaptive rule-based warning
generator baseline [10]. The baseline method utilizes the
speed and gap between the vehicles to compute the minimum
gap dpin, assuming a hard braking happened. Let vgone and
Vego denote the longitudinal speed of the front vehicle and
ego vehicle respectively. Let accpiy represent the minimum
acceleration vehicles can achieve. Thus the computation can
be summarized as:

V2
d _ front
front — . )
2|accmin|
2
Vego (14)
dego = VegoTD + W’
‘min

Ainin = gap + dfrom - dego;

where dfone and dego represent the distance that the front
vehicle and ego vehicle will travel when doing hard braking
respectively. Then, the warning can be generated by evalu-
ating the following inequality:

dinin < —0yVegoID, (15)

where o, is a parameter varying with the severeness of a
warning. When ¢, = 1, it represents the condition for the
system to take over the control:

> 2
v Vego
front g 07

2|accemin| B 2|acemin| ~

(16)

The left half of the equation represents the minimum gap
when the system takes over the control to conduct a hard
brake without delay. The condition prevents the ego vehicle
from entering this dangerous zone.

3) Reward design: The proposed framework chooses the
warning based on the trajectory reward Rry,j and the cost of
warning action Ryarming. In experiments, Ry, is defined as:

—1I(s;), (A7)

where v; and acc; are the longitudinal velocity and accelera-
tion of the vehicle respectively. vgesire denotes the desired
longitudinal velocity of the vehicle. I(s;) is an indicator
function that will return infinity when a collision happens

RTraj (S[, at) =Wy (Vt - Vdesire)2 - Waccacct2
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TABLE I
TRAJECTORY REWARD IN CLOSED-LOOP EXPERIMENTS

Average Trajectory Reward RTraj

dgap(0) Method
Front Hard Brake Lane Change

Estimated State MDP —1038.06 +7.08 —1184.024+0.28
8.5m Appr. POMDP —1040.53£17.14 —1183.92+£0.19
TTC Baseline —1307.50£49.69 —1411.25+£0.00
Rule-based Baseline —1236.61 +£109.50 —1411.254+0.00
Estimated State MDP —762.45+35.54 —806.56 £35.88
13.5m  Appr. POMDP —767.80£46.17 —857.77+£50.23
TTC Baseline —1073.82 £38.44 —1156.52 +64.95
Rule-based Baseline —883.48 +83.61 —948.64 +£19.90
Estimated State MDP —632.48+43.97 —678.56£30.18
18.5m  Appr. POMDP —628.06 £54.68 —678.29+40.41
TTC Baseline —757.15+£39.40 —873.34£71.90

Rule-based Baseline —648.32+76.20 —697.07+72.60

TABLE III
CLOSED-LOOP WARNING EXPERIMENTAL RESULTS OF LANE CHANGE

Average Count of Warning

dyap(0) Method
Text  Voice Alarm  Take Over

Estimated State MDP  0.00 1.00 1.00 0.00
8.5m Appr. POMDP 0.00 1.00 1.07 0.00
TTC Baseline 0.00 2.00 1.00 1.00
Rule-based Baseline 0.00 0.00 4.00 0.00
Estimated State MDP  1.00 2.12 0.01 0.00
13.5m  Appr. POMDP 2.71 1.00 0.51 0.00
TTC Baseline 1.67 0.93 0.94 0.67
Rule-based Baseline 0.96 2.04 1.04 0.00
Estimated State MDP  0.00 2.10 0.01 0.00
18.5m  Appr. POMDP 0.99 1.12 0.13 0.00
TTC Baseline 0.94 0.94 0.94 0.52
Rule-based Baseline 3.66 1.47 0.01 0.00

and zero otherwise. w, and w,. are parameters to balance
the weight of velocity and acceleration.

During experiments, we use w, = 0.5, wgee = 0.1, Vdegire =
11m/s. The cost of warning action Ryaming describes the
severeness of a warning. During experiments, Ryamning(W:)
is defined as {No warning : 0, Text : —1, Voice : —20, Alarm :
—50, Take over : —108}. The cost of taking over the control
is set to large so that it will be only applied when other
actions are infeasible.

B. Closed loop analysis

To focus our study on the proposed framework, during the
simulation, the prediction model is assumed to be effective
enough to capture the accurate trajectories of surrounding
agents. The result of each scenario is computed over 8-
second long trajectories and averaged over 200 simulations.
The step horizon of the warning generation H is 10 while the
duration of each time step is 0.5 second. Thus the system will
simulate 5 seconds into the future to provide the warning.
During the experiment, we run the warning search every 0.5
second, in a model predictive control manner.

1) Behavior estimation: To evaluate the proposed behav-
ior estimation, we plot the estimated distribution at each time
step. As shown in Fig. 4, the proposed behavior estimation
is able to capture the correct current behavior. When the
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Fig. 4. Result of proposed behavior estimation. The ground truth of current
behavior is shown at the top of the plot. Two voice warnings are provided
at 0.5s and Ls.

—— Estimated State MDP
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Fig. 5. Closed-loop speed profile of front hard brake scenario with initial
dgap = 13.5m.

vehicle switches its behavior with a delay, there is less
information in the observed action as the actual driving
policy hasn’t changed. Therefore, the estimation relies on
the model prediction step as shown with the curve during
0 to 1.5 second. After the delay time, the policy can be
identified through the action with the observation correction
step since the myng will not react to the danger as shown
with the curve during 1.5 to 3.0 second.

2) Trajectory performance: To evaluate the proposed
warning generation framework, we compared the reward of
the closed-loop trajectories in both scenarios. As shown in
Table II, the proposed framework can consistently achieve
higher trajectory rewards than baselines in both scenarios
over different initial dg,,. Meanwhile, as it can be seen in
Fig. 5, the proposed method provides warnings earlier and
leads to smoother trajectories.

3) Warning efficiency: We also evaluate the warning ef-
ficiency by the count of warnings over different dy,, during
the experiments. As can be seen in Table III, since the rule-
based baseline doesn’t model the ego driver’s behavior and
transition, it tends to give more warning than the proposed
framework. The proposed method shows better warning
efficiency over the baseline.

VII. CONCLUSIONS

In this work, we study the problem of optimally generating
driver warnings by considering the interactions between the
generated warning and the driver behavior. We propose a
flexible POMDP formulation with an optimal warning gen-
eration framework to solve the proposed problem. Simulation
results demonstrate the superiority of the proposed solution
to the existing warning generation methods.
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