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A B S T R A C T

Congested traffic is characterized by disturbances propagating upstream through the queued 
vehicles. This work seeks to use connected and automated vehicles (CAVs) to mitigate slow and 
stop waves in congested freeway traffic with the goals of improving safety by reducing unex
pected deceleration waves while improving fuel efficiency and emissions by reducing the need to 
accelerate after disturbances pass. To smooth out traffic disturbances, the CAV implements a jam 
absorption strategy that integrates the instantaneous state information from the downstream 
vehicles to forecast the trajectory of the CAV’s leader and proactively respond to changes in state 
that have not yet reached the lead vehicle. Using empirical vehicle trajectory data, it is shown 
that the methodology can rapidly nullify stop and slow waves. Examples include the conversion of 
a 10 sec stop wave to steady and smoothly flowing traffic over a span of 15 CAVs.

One of the key innovations in this work is how the traffic state is forecasted using a model that 
is much simpler than prior work in this area while still being able to dynamically adapt to changes 
in the evolving traffic state. This paper also explores the impacts of varying the look ahead range, 
acceleration limits, and the parameters of the forecasting model. It is shown that the method is 
robust, still performing well when the forecasting model’s calibration is poor. While the different 
permutations result in small changes, in all the experiments the methodology continues working 
as intended: the first CAV was able to nullify the stop waves and subsequent CAVs continued to 
anneal the disturbances.

1. Introduction

This work seeks to use connected and automated vehicles (CAVs) to smooth out traffic disturbances on uninterrupted flow facilities 
(e.g., freeways), eliminating unexpected slowing and stops to improve safety while reducing accelerations to lessen fuel consumption 
and vehicle emissions. Specifically, this research seeks to take conventionally unstable queued traffic and have a CAV proactively 
respond to disturbances propagating upstream through the traffic to stabilize the flow. For this study the queued traffic comes from 
empirical human driven vehicle (HDV) trajectory data.1 For most of this paper, the approach assumes all vehicles are connected and 
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1 We use HDV for two reasons, first, we can use empirical data instead of stimulation, and second, presumably, any widely deployed autonomous 
vehicle (AV) system should be able to meet or exceed the stability of HDV.
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report their current state (location and speed). In other words, the initial traffic is strictly connected-HDV (cHDV) that communicate 
their state but are otherwise HDV (Section 4 relaxes this assumption that all HDV are connected). This work seeks to integrate the state 
across vehicles so that the CAV can efficiently anticipate and respond to disturbances over large distances. It is this look ahead that 
allows the system to attenuate shockwaves, resulting in smoother conditions for safety and efficiency. The primary focus of this work is 
the initial transition from unstable stop-and-go HDV traffic to the first CAV follower as it generates a smoother trajectory. After 
considering the single CAV scenario, the method is extended to a platoon of multiple CAVs. It is shown that the system can rapidly 
dissipate a stop wave.

For context, it is important to keep in mind what is feasible with CAV. One can view the roadway as a pipe. If you use CAVs to 
automate the pipe, it is still subject to the operating limitations of a pipe, e.g., even if capacity increases with CAVs there will still be 
some maximum feasible throughput. Our focus is on queued traffic, and one must recognize that a queue simply represents the storage 
of demand that exceeds the downstream capacity. So, the queued vehicles experience delay while they wait to be served. To eliminate a 
queue requires increasing capacity or decreasing demand. This work envisions CAVs that have speed-spacing constraints and response 
times that are similar to HDV, as such, the method should not change the maximum possible throughput. Moreover, this work does not 
seek to achieve freely flowing traffic out of queued traffic. Rather, this work seeks to take conventionally unstable queued traffic and 
bring it to a stable flow while queued. The queue would travel below the speed limit at near constant speeds while the vehicles wait to 
be served at the bottleneck. By smoothing out the disturbances this work seeks to reduce the negative impacts of congested traffic: 
keeping conditions as safe as possible while minimizing fuel consumption and emissions from the queued vehicles.

1.1. Background

The idea of stabilizing queued freeway flow has a long history. Some of the earliest work is focused on variable speed limits (VSL). 
Within VSL, the initial works typically use fixed location sensing, e.g., loop detectors, to measure the state and changeable speed limit 
signs to control the flow. Some of the recent works rely on connected vehicles to monitor the traffic state or communicate the target 
speed to the vehicles (e.g., Alessandri et al., 1999; Hegyi et al., 2005; Hegyi and Hoogendoorn, 2010; Chen et al., 2014; Ma et al., 2016; 
Wang et al., 2016b; Han et al., 2017a; Han et al., 2017b; Ghiasi et al., 2019; Han et al., 2021a; Du et al., 2023). The dominant themes in 
these papers are (i) to harmonize speeds by setting the speed limit lower than the speed most drivers are taking, (ii) because flow drops 
with speed in the congested regime use a lower speed limit to reduce the demand delivered downstream, and (iii) a reduced flow could 
allow the bottleneck to recover from capacity drop and thus, increase bottleneck throughput. Not all of the VSL papers touch on all of 
the themes. The chief concerns about VSL include (i) high cost of sensing, (ii) high cost of the changeable speed limit signs, (iii) limited 
resolution of control, e.g., one speed limit at a time for all lanes for a given link, (iv) a long latency between sensing and the control 
response will degrade performance, and (v) driver compliance. While several of the VSL papers do not directly address any of the 
concerns, many of the papers specifically address one or more of the concerns.

Jam absorption driving (JAD) is a related body of research that seeks to have one or more vehicles proactively respond to 
approaching conditions, e.g., having a CAV start slowing down in response to an approaching stop wave and potentially doing so long 
before their leader encounters the disturbance. While VSL typically has most if not all vehicles adopting some target speed, JAD 
typically only has one or a few vehicles actively adopting the target speed under the presumption that their followers will then have to 
match that new speed profile (e.g., Nishi et al., 2013; Taniguchi et al., 2015; He et al., 2016; Stern et al., 2018; Di Vaio et al., 2019; 
Ibrahim et al., 2019; Zheng et al., 2020; Han et al., 2021; Jiang et al., 2022; Li et al., 2023; Goatin, 2024; Li et al., 2024). While VSL 
often includes consideration of downstream bottlenecks, usually JAD is focused strictly on smoothing out the speed. The chief concerns 
about JAD include (i) often the studies do not allow lane change maneuvers, (ii) if lane change maneuvers are allowed, they potentially 
undermine the effectiveness of JAD because other vehicles could spill around a given JAD controlled vehicle, and (iii) JAD vehicles can 
introduce new safety issues, e.g., high relative speeds and increased frequency of lane change maneuvers.

Both VSL and JAD typically require a long look ahead distance to provide sufficient time to change the traffic dynamics. Another 
related body of research focuses on the adjacent vehicles that can be sensed directly from the vehicle making the maneuver. This can be 
a single vehicle perceiving its immediate leader and possibly one or two vehicles further ahead, e.g., adaptative cruise control (ACC) or 
autonomous vehicles (AV) without connectivity (e.g., Donà et al., 2022; Zhou et al., 2022; Wang and Jin, 2023; Wang et al., 2023). It 
can also be a platoon of vehicles that are communicating with each other, but they are not directly communicating with vehicles 
further downstream, e.g., some variants of cooperative-ACC (CACC) (e.g., Vander Werf et al. 2002; van Arem et al., 2006; Shladover 
et al., 2012; Wang et al., 2016a; Qin et al., 2021; Tan and Zhang, 2022; Zhou et al., 2024). Typically, these approaches rely on 
perception sensors to monitor the leader(s) and do not require connectivity (except intra-platoon communication for CACC), but 
because the look ahead is so short, they typically require many successive active vehicles to dissipate a disturbance.

1.2. Contribution

This paper is most closely aligned with the JAD domain. These approaches require some form of traffic modeling to forecast the 
trajectory of the CAV and its leader. Typically, JAD studies rely on car following models or machine learning tools, in either case the 
performance is highly dependent on the quality of the calibration or training. One of the biggest challenges for these systems is that the 
correct calibration typically differs by location and can rapidly change if the composition of the ambient vehicle fleet or driving styles 
change.

Our study employs much simpler traffic modeling than the prior work in this area. The traffic model has a single parameter (wave 
velocity), and the performance is not very sensitive to the chosen value. The initial setting for the wave velocity in this paper is based 
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on typical values reported in the literature rather than finding an optimal value for the empirical data used in the study. Section 4
shows that our method continues to perform well on the empirical data when the assumed wave velocity in the model is varied by a 
factor of three (from − 7 mph to –23 mph). Despite the simplicity, the iterative nature of sampling and recalculating the target tra
jectory at each time step makes the approach robust, allowing it to adjust to changes in the evolving traffic state. We also explore 
limiting the CAV acceleration to increase smoothing.

Another distinction is that most of the JAD studies rely on a single vehicle to do the absorption, while we bring in a second stage that 
uses multiple CAVs to further smooth out the traffic state, similar to some of the CACC studies. This extension needs a modified 
approach since the first CAV effectively “overwrites” the information contained in the preceding HDV trajectories. So, instead, each 
subsequent CAV uses its leader’s estimated trajectory for its forecast.

Finally, upon reviewing the emergent dynamics, it is shown that as the first CAV slows, it creates a large gap before its leader 
encounters an approaching stop wave. Then, when the HDV leader slows down, the first CAV follower maintains a relatively stable 
speed as it consumes the excess spacing, thereby starving the stop wave’s progression. These JAD behaviors by the CAV give rise to 
clockwise progressions in the speed-spacing plane with behavior that HDVs do not exhibit.

1.3. Overview

The remainder of this paper is as follows. Section 2 presents the methodology in the context of a single CAV following the top row of 
the flowchart in Fig. 1. The presentation starts with the underlying theory. It then empirically demonstrates the approach using 
microscopic vehicle trajectory data and quantifies the impacts on emissions and fuel consumption. The section also explores the 
impacts of the look ahead range and limiting acceleration. Next, Section 3 expands the work to 15 consecutive CAVs, adding the 
complete loop in Fig. 1 for subsequent CAVs and explores how multiple followers can further anneal the smoothed trajectory of the first 
CAV. Section 4 explores the impact of the assumed wave velocity and the cHDV penetration rate on the results. The paper closes with a 
brief discussion and conclusions in Section 5.

2. Methodology

Congested traffic is characterized by signals and waves propagating upstream through the queued traffic. This work develops a 
methodology for a CAV to nullify stop and slow waves from propagating upstream within a queue of vehicles on a freeway. Most of this 
paper assumes that all vehicles downstream of the CAV are connected and report their instantaneous state (location and speed), but we 
explore lower penetrations rates in Section 4. In any event, the CAV integrates the instantaneous state information from the down
stream vehicles to forecast the trajectory of the CAV’s leader and proactively respond to changes in state that have not yet reached that 
vehicle.

The method is inspired by Coifman (2002), which used measurements of vehicles passing a dual loop detector station to estimate 
vehicle trajectories over space for up to one mile away from the station. The basic principle is that many freeways exhibit a triangular 
fundamental relationship, thus, during congestion the traffic state should propagate upstream through the traffic at roughly constant 
velocity, corresponding to the “wave velocity,” i.e., the slope of the congested regime of the flow-density curve (see, e.g., Coifman and 
Wang, 2005, Coifman, 2015). This feature is illustrated in Fig. 2A using real human driven vehicle (HDV) trajectories reextracted from 
the NGSIM I-80 video in lane 2 (Coifman and Li, 2022, 2024). Thirteen “reference signals” are superimposed on the vehicle trajectories, 
each signal is traveling at − 15 mph. Between any pair of signals one can observe that the trajectories show roughly the same speed over 
the entire band defined by the pair of signals. Of course, this approximation is not perfect, upon close inspection one can see the traffic 
state between a given pair of signals slowly change shape over time and space, due to natural human variability and abrupt lane change 
maneuvers.

While Coifman (2002) derived the trajectory estimation using measurements at a point in space (as would be represented by a 
horizontal cutline in Fig. 2A), this work re-derives the method using conditions at an instant in time (a vertical cutline). Consider 
Fig. 2B, which shows the complete trajectories up to time t1, set to 630 sec in this case. We illustrste the process of establishing the 

Fig. 1. Overview of the processing in each time step. With the long look ahead, the process of sampling the current state each cycle allows the 
method to adjust to changes in the evolving traffic state.
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optimal trajectory for a CAV at (t1, y1) in the lower left corner of this plot. The first step is estimating the trajectory of its leader at 
(t1, 100ft). For this work we assume that this leader vehicle and all vehicles downstream are cHDVs that communicate their state but 
are otherwise HDVs. While the real traffic state varies continuously over time and space, we approximate it with thin bands of constant 
speed that are defined by the instantaneous location and speed from the downstream cHDV. Specifically, each cHDV location is taken 
to represent the start of a new band of constant speed, with the signal between bands propagating upstream at the wave velocity (set to 
− 15 mph in this case). For each band we define a chord − a constant speed trajectory passing through the band at the reported cHDV 
speed. The result is illustrated in Fig. 2C. Since the bands are assumed to be at constant speed, we shift the chords end to end, starting at 
the lead vehicle’s current position of (t1, 100ft), yielding the estimated trajectory of the leader in Fig. 2D. Fig. 2E compares the 
estimated trajectory at t1 to the actual trajectory that is eventually realized by the same vehicle. While the estimate is not perfect, it 
does capture the key features like the passage of the stop wave.

The lead vehicle’s estimated trajectory bounds where the CAV at (t1, y1) can travel. To establish the safe travel zone for the CAV we 
require a minimum 1 sec reaction time to the leader. This safe travel zone is then bounded by the perfect follower trajectory, derived 
from Newell (2002) using the wave velocity from the lead vehicle trajectory estimation and the 1 sec reaction time from above, i.e., 
w = − 15mph and τ = 1sec, with the result for the ongoing example shown in Fig. 2F. Next, we find the fastest constant speed radial 
from (t1, y1) that touches the perfect follower trajectory, in this case doing so at point a1. Instead of directly following the leader, the 
CAV avoids unnecessary acceleration by taking the speed of this radial for the next time step; thus, the CAV effectively “stringlines” the 
leader’s trajectory across an acceleration-deceleration cycle while still passing the most restrictive point, a1, without any further delay. 
Note that the chosen trajectory for the CAV is always checked to ensure spacing, s, is at or above the minimum safe spacing, smin, for the 

Fig. 2. (A) Vehicle trajectories from congested traffic and several upstream moving reference signals. (B) Traffic state up to time t1, (C) roughly 
steady state bands and their measured vehicle chords, (D) aligning the chords at t1 end to end to estimate the lead vehicle’s trajectory, and (E) 
comparing the estimate to what will eventually occurs. (F) Establishing the perfect follower trajectory and finding the intersection with the fastest 
constant speed radial for the CAV at t1.
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given speed, v, as per Equation 1. Where jam spacing is the quotient of w and τ, so sjam = 22ft in this case. Operationally, this means 
that if the CAV is at or downstream of the perfect follower trajectory, it will take the constant speed trajectory to the point on the 
perfect follower trajectory one time step away.2

s ≥ smin(v) = sjam + v*τ (1) 

This process of sampling the current traffic state to estimate the leader’s trajectory and then setting the CAV speed to intersect the 
perfect follower trajectory at the furthest point downstream is repeated at each time step. The result for this example is shown in 
Fig. 3A using one second time steps. The left-most dashed trajectory shows the path taken by the actual HDV in the reextracted NGSIM 
data (termed the “original HDV trajectory”), while final trajectory taken by the CAV is shown with a bold, multi-color curve. Each 
colored segment represents a one second time step. While the speed of the final CAV trajectory slowly varies in response to the evolving 
forecasts, it anticipates the stop wave and, in this case, neutralizes the stop. The final CAV trajectory is much smoother than the cHDV 
that preceded it. Fig. 4A-B show the time series speed and acceleration for the CAV and the corresponding original HDV for this case, 
clearly showing less variability in speed and attenuated accelerations. Meanwhile, Fig. 3B repeats the analysis for another CAV, in this 
case at (t2,y2). For this second case, while some slowing is evident at the downstream end of the segment at t2, the stop wave had not yet 
formed when we start plotting the CAV trajectory. Still, the CAV is able to avoid an unnecessary acceleration and once more neutralizes 
the stop wave. Fig. 4C-D show the time series speed and acceleration for the CAV and its corresponding original HDV in this case.

2.1. Extending the look ahead

So far, the cHDV look ahead has been limited to the span of the empirical HDV trajectory data, which ends at 1800 ft. So, at t1 in 
Fig. 2D the CAV used a 1700 ft look ahead, which yielded an estimated trajectory to almost 900 ft, or roughly half the distance to the 
end of the segment. As the CAV travels further downstream, the range of the cHDV look ahead shrinks because it can never “see 
beyond” the 1800 ft limit of the empirical vehicle trajectory data. To this end, we repeat the method from Coifman (2002) to synthesize 
the trajectories between 1800 ft and 2800 ft using the last reported speed from each vehicle as they depart the surveillance region. This 
speed is used to project a chord downstream from the last observation of the vehicle while also generating a signal with a velocity of 
− 15 mph, thus, each of these signals effectively moves backward in time as it travels downstream in space. Each vehicle chord is 
truncated upon reaching the first signal. Once more, each band is assumed to be constant speed and whenever a vehicle departs the 
field of view at 1800 ft the corresponding vehicle chords are aligned end to end to estimate that vehicle’s trajectory beyond 1800 ft. An 
example of the resulting synthetic trajectories between 1800 and 2500 ft is shown in Fig. 5.

Thus, we have empirical HDV trajectories to 1800 ft and synthetic trajectories beyond. With the synthetic trajectories we can 
consider longer look ahead distances for estimating the lead vehicle’s trajectory. In addition to the original estimate from 0 to 1800 ft 
from Fig. 3A and repeated in Fig. 6A for case 1, we consider 0–2500 ft in Fig. 6B and a fixed moving window of 1000 ft downstream of 
the CAV’s leader in Fig. 6C, i.e., the trajectories within the dashed region.3 In this way, the 0–1800 represents the largest feasible 
window with the purely empirical data, 0–2500 ft shows the benefits of a longer look ahead (at the expense of using synthetic data), 
and the fixed 1000 ft window represents a practical implementation of the method. Regardless of the look ahead region used, at each 
time step the lead vehicle’s trajectory estimation only uses the cHDV data from that instant. For this case there is very little difference 
between the final CAV trajectory in the three different scenarios. The 0–1800 CAV trajectory from Fig. 6A is shown below the CAV 
trajectory in Fig. 6B&C, the other two scenarios. For Fig. 6B the two estimates only differ in the last few samples, around 1700 ft. 
Whereas the shorter look ahead with the fixed 1000 ft window is more susceptible to the stop wave, pulling a little ahead of the 0–1800 
CAV trajectory around 300 ft, and again around the last few samples before 1700 ft. Fig. 7 repeats the comparisons for case 2, seen 
previously in Fig. 3B. In this case the stop wave passes the CAV further downstream, so by the time the look ahead to 1800 ft captures 
the stop wave the CAV has started accelerating into the lead up to the wave. Whereas Fig. 7B shows that the look ahead to 2500 ft 
provides enough forewarning to allow the CAV to maintain a more constant speed as it nullifies the stop wave. On the other hand, 
Fig. 7C shows that the fixed 1000 ft window is even more sensitive to the acceleration in the lead up to the stop wave as it pulls ahead of 
the original curve, only to have to slow later. Still, this fixed window look ahead is sufficient to nullify the stop wave.

To consider a longer look ahead, Fig. 8 repeats the analysis from Fig. 3 only this time using the resurrected data set from Treiterer 
(Coifman et al., 2018). These data were collected from a helicopter traveling with the vehicles, thereby providing a moving window 
that supports a fixed look ahead of empirical trajectories out to 3000 ft and a variable “full range” look ahead that at times exceeds one 
mile. In this data set traffic appears to be free flowing until just before 6000 ft, where it joins the end of a queue. We consider three CAV 
different look ahead ranges: full available range, fixed 3000 ft window, and fixed 1000 ft window. The vertical lines in the figure show 
the look ahead range for the given CAV at the instant it starts to respond to the downstream delay. One can see the proactive benefit of a 
longer look ahead, the CAV with full range look ahead is responding to the stop wave from the very start of its trajectory, then at 47 sec 
the fixed 3000 ft window CAV responds, and finally the fixed 1000 window CAV responds at 65 sec. Note that the two fixed window 
CAVs start responding to the slow traffic even before they are able to see the actual stop. Also note that the two fixed window CAVs lag 
behind the HDV even before they start responding to the slow traffic, because we set the CAV free flow speed to 60 mph while the HDV 
travel a little above this speed.

2 It is assumed that the CAV has perception sensors to monitor the spacing to the lead vehicle to always ensure a safe spacing. This sensing 
distinction is not critical for our analysis, it does not matter if a vehicle’s position is reported from a cHDV or measured directly from the CAV.

3 Specifically, for the 1000 ft look ahead we use all vehicles within 1000 ft downstream of the leader to estimate the leader’s trajectory.
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Fig. 9C shows the corresponding time series speed for these four follower variants. The HDV does not anticipate the stop wave and 
rapidly comes to a complete stop for several seconds. The fixed 1000 ft window CAV proactively responds to the forthcoming delay 
with enough time to keep its speed above 10 mph, while the fixed 3000 ft window CAV responds earlier and remains above 20 mph, 
and the full range CAV is responding from the first instant and remains above 25 mph throughout. At least in this case, the earlier a CAV 
starts responding also corresponds to the longer the CAV goes before rejoining the HDV trajectory. So, the longer look ahead provides a 
higher minimum speed and a longer lasting response both before and after the stop wave. Fig. 9A&B repeat the resulting time series 
speed for two other leader–follower vehicle pairs that pass earlier in the data set. Note that the longest fixed window look ahead is only 
2400 ft in these plots because the vehicles are closer to the start of the data, thereby reducing the number of observed leaders and their 
corresponding spatial coverage. The general trends are consistent across all three leader–follower pairs.

2.2. Limiting acceleration

Next, we consider the benefits of limiting the CAV acceleration. The limits are strictly on acceleration, for safety’s sake no limit is 
placed on the magnitude of deceleration. We return to the reextracted NGSIM data4 using the fixed 1000 ft window for illustration 
because it has the smallest overall look ahead and thus, also exhibits the largest fluctuations among the three different look ahead 
scenarios, but the results are consistent with the other scenarios. Fig. 10A repeats the unlimited results from Fig. 6C. Fig. 10B repeats 
the analysis, only now limiting the CAV acceleration, aCAV ≤ 1mphps, while Fig. 10C repeats the process except aCAV ≤ 0.5mphps. The 
differences between the three scenarios only becomes apparent at close inspection, namely, in Fig. 10B the dark curve corresponding to 
the original unlimited CAV trajectory pulls to the left of the lighter curve for aCAV ≤ 1mphps around Y = 500ft and again around Y =

1400ft. Despite the slower response within the segment, the departure time at the end of the segment is nearly unchanged. The 
differences are easier to see in Fig. 10C where aCAV ≤ 0.5mphps. In this case the slower acceleration eliminates one acceleration- 
deceleration cycle that occurred in the CAV trajectory between 500 and 1300 ft in the other two scenarios. At the end of the link, 
the aCAV ≤ 0.5mphps trajectory is within 1.5 sec of the unlimited CAV trajectory and is closing the gap. This slower response time is 
inherent with the limited acceleration and as evident earlier in the progression, primarily serves to smooth out the trajectories. 
Provided the aCAV ≤ 0.5mphps trajectory eventually rejoins the unlimited trajectory, the lower acceleration threshold does not add any 
delay. Fig. 11A shows the corresponding speed for these three scenarios along with the original HDV trajectory’s speed. All the CAV 
curves greatly reduce the undulations of the HDV, while the maximum acceleration of the latter two scenarios is evident by the 
maximum slope of the given speed curve. As one should expect, the aCAV ≤ 0.5mphps shows the least fluctuations as it slowly tracks the 
changing speed, and this smoother trajectory provides more stable conditions to any vehicle following the CAV. Fig. 11B shows the 
corresponding time series acceleration for the HDV and three scenarios of the CAV. Note how much the aCAV ≤ 0.5mphps scenario 
reduces the acceleration spikes throughout the timespan. Although deceleration is not restricted, because of the look ahead, all three of 
the CAV scenarios keep the magnitude of deceleration below 2 mphps whereas the HDV deceleration briefly reached a magnitude of 
almost 8 mphps.

Fig. 3. The final CAV trajectory for the CAV in (A) case 1 starting at (t1, y1), and (B) case 2 starting at (t2, y2). In both cases note how the CAV 
neutralizes the stop wave seen in the leader trajectory and original HDV trajectory.

4 While Treiterer’s data provides greater spatial coverage, there is only a short distance between the upstream end of the queue at 6000 ft and the 
stop wave that is strictly seen upstream of 8000 ft. While the previous section shows the method works in that scenario, the interaction of the two 
features complicates the dynamics and obscures some of the finer points this section demonstrates.
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Fig. 10D-F repeat the analysis for case 2, with Fig. 10D showing the unlimited results from Fig. 7C. Recall from Fig. 7 that the fixed 
1000 ft window was more sensitive to the stop wave than the other two variants that considered a larger look ahead to either 1800 ft or 
2500 ft. Specifically, the fixed 1000 ft window pulls ahead of the original curve, only to have to slow later. Fig. 10F shows that the 
aCAV ≤ 0.5mphps trajectory compensates for this aggressive behavior, reducing the impacts of the transient increase in speed on the 
CAV trajectory. Fig. 11C shows the corresponding speed for these three scenarios along with the original HDV trajectory’s speed. As 

Fig. 4. Case 1 time series (A) speed and (B) acceleration; and case 2 time series (C) speed and (D) acceleration.
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with case 1, the smoothing properties of the CAV are readily apparent. Fig. 11D shows the corresponding time series acceleration for 
the HDV and three scenarios of the CAV. Once more, the aCAV ≤ 0.5mphps scenario is notable in how much it flattens the acceleration 
peaks.

Vehicle emissions and fuel consumption are highly dependent on acceleration. We use the Comprehensive Modal Emission Model, 
CMEM, (Scora and Barth, 2006) to quantify the impact of the various scenarios under case 1. Although not shown for brevity, case 2 
had similar trends. Using the original HDV as the baseline, Fig. 12 shows the relative improvement in the CMEM results for the three 

Fig. 5. An example illustrating how conditions upstream of 1800 ft are used to generate vehicle chords representative of steady state bands. The 
speed in these bands are combined with the time that vehicles depart the surveillance region at 1800 ft to synthesize the unobserved vehicle 
trajectories downstream of 1800 ft.

Fig. 6. Estimating the final CAV trajectory for Case 1 (A) using the original look ahead region out to 1800 ft, (B) the extended surveillance region 
out to 2500 ft, and (C) the fixed 1000 ft moving window.
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different acceleration limits using the fixed 1000 ft window. The bar chart shows that fuel and CO2 are reduced by almost 20 % (so the 
CAV only used 80 % of the fuel that the HDV did for the same trip), CO drops by almost 40 % and HC by almost 50 %. Meanwhile, NOx 
is particularly sensitive to the maximum acceleration, ranging from roughly 30 % savings with unlimited acceleration to almost 60 % 
savings with the 0.5 mphps limit. Of course, the specific values are highly dependent on the prevailing conditions, individual vehicle 
characteristics, and so forth. We use these metrics in the relative sense, to illustrate that one scenario is better or worse than another 
scenario. The general trends should be transferable, e.g., A is better than B, but the specific values or exact percent improvement are 
not likely to transfer. Naturally, the savings from the smoother CAV trajectory should be passed to any following vehicle, even if that 
follower is a HDV.

Fig. 7. Estimating the final CAV trajectory for Case 2 (A) using the original look ahead region out to 1800 ft, (B) the extended surveillance region 
out to 2500 ft, and (C) the fixed 1000 ft moving window.

Fig. 8. Estimating the CAV trajectory using data from lane 1 in Treiterer’s data set, which provides a much longer look ahead in the empirical data, 
thereby avoiding the need for synthetic data. In this case we consider the original HDV follower, and three different CAV look ahead ranges. The 
vertical lines show the look ahead range for given CAV at the instant it starts to respond to the downstream delay.
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3. Extending to multiple CAV followers

While the first CAV follower integrates information from the downstream cHDV to estimate its trajectory, the new trajectory 
effectively “overwrites” the information contained in the preceding HDV trajectories. So, a different approach is needed to find the 
trajectory for any subsequent CAV. This process still begins with the first CAV. So, at time step to we estimate the first CAV’s trajectory 
as per Fig. 2 and summarized in Fig. 13A. The first CAV at (to, y1) takes the fastest constant speed radial that touches the perfect 
follower trajectory at a single point, a1. In the process, its trajectory from (to, y1) to a1 creates new bounds for the following vehicle. But 
at this point it is not yet clear what the optimal path is beyond a1. So, the estimated trajectory for the first CAV is taken to be the straight 
line trajectory to a1 and its leader’s perfect follower trajectory after a1, as shown in Fig. 13B.

To find the safe travel zone for the second CAV, the first CAV’s estimated trajectory is shifted using Newell (2002) with the same 
minimum reaction time and wave velocity as before to find the first CAV’s perfect follower trajectory. Fig. 13C shows the result for the 
ongoing example. Now the second CAV’s trajectory is estimated following the same rules used for the first CAV, subject to the following 
conditions: If the first CAV does not decelerate and the second CAV is car following, the second CAV will continue to car follow. If the 

Fig. 9. Time series speed from Treiterer’s data set for three different leader–follower pairs, each with the original HDV follower and three different 
CAV followers. Note that parts A and B use a fixed 2400 ft window while part C corresponds to the example in Fig. 8 and uses a fixed 3000 
ft window.
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first CAV decelerates or the second CAV is not car following, the second CAV will aim for point a2 to begin car following in the same 
way the first CAV aims for a1. Point a2 will fall somewhere at or beyond w1, the signal propagating at the wave velocity from a1 (as per 
Fig. 13C) and at or before wN, the signal propagating at the wave velocity from the end of the estimated perfect follower trajectory (as 
per Fig. 13D), which is dictated by the look ahead distance and prevailing traffic conditions. Of course, the CAVs only aim for these 
target points for one time step before recalculating the á s in the next time step. If there are more than two CAV in a sequence, this 
process is repeated for each successive CAV at each time step.

3.1. Empirical results

As we shift to the empirical data, again we run into the spatial limitations of NGSIM, but there are few vehicle trajectory data sets 
that cover greater distance for a sufficiently large number of vehicles with comparable fidelity as the reextracted NGSIM data. So just as 
we employed synthetic trajectories to extend the surveillance region beyond 1800 ft, we also use synthetic trajectories to establish the 
location of the CAV followers upstream of 0 ft. But these locations are only used at the first time step, after which, the CAV evolution is 
derived using the method presented herein.

Fig. 14 revisits case 1 with the fixed 1000 ft window and no limit on acceleration, now using 15 successive CAVs. All 15 CAV 
trajectories are shown with bold curves, while the first of these CAVs is shown with a lighter shade than the others. This first CAV is 
unchanged from the CAV trajectory in Fig. 6C. At each time step, the 2nd to 15th CAV use their respective leader’s trajectory to es
timate the perfect follower and then find the intercept point, as per above. The resulting trajectory for the 15th CAV is much smoother 
than that of the first CAV. For comparison, the original HDV trajectories for these 15 vehicles are shown with a faint colored curves. 
This comparison is limited by the fact that five HDV entered the lane within the 15 original HDVs. The entering vehicles are shown with 
dashed curves. The 15th HDV at the start is shown with a darker curve until just before 700 sec, after which point, the 15th HDV at the 
end (after accounting for the entering vehicles) is shown with the dark color. Note how the last HDV still follows the stop wave around 
660 sec while the last CAV shows nearly constant speed over the same period.

Fig. 15A shows the time series speed for the first original HDV trajectory as a black dashed curve and all 15 of the CAV trajectories 
using various color and dash patterns. There are so many CAV curves that it is difficult to keep track of any individual curve. On the left 
side of the plot each successive CAV takes a speed slightly higher than their leader, so the first CAV is at the bottom, then the second 
CAV, and so forth to 15th CAV at the top and then above all of the CAVs is the curve from the first empirical HDV. The HDV soon 
decelerates in response to the stop wave and its speed drops below all the CAVs while all of the CAVs proceed without dropping below 9 
mph. A key feature of this plot is how conditions improve across the 15 successive CAVs, to this end Fig. 15B repeats the time series 
speed for only the first and 15th CAV from part A. Notice how the 15th CAV’s speed is nearly constant between 650 and 705 sec. 
Fig. 15C-D show the corresponding time series acceleration. The results are consistent, e.g., the 15th CAV shows almost no acceleration 
before 705 sec.

Fig. 10. The final CAV trajectory for case 1 with the fixed 1000 ft window and (A) unlimited acceleration, (B) aCAV ≤ 1mphps, and (C) 
aCAV ≤ 0.5mphps. (D)-(F) repeat the analysis for case 2.

B. Coifman and Y. Liu                                                                                                                                                                                                Transportation Research Part C 183 (2026) 105497 

11 



Note that the time range in Fig. 15 extends almost 25 sec past the end of the time range in Fig. 14. Fig. 14 is deliberately terminated 
at 705 sec because that is the instant when the HDV leader is last seen in the empirical data and we denote this time with tL in Fig. 15. 
Any calculations beyond tL must be based on synthetic data for the leader. While we are comfortable using the synthetic data to extend 

Fig. 11. Time series (A) speed and (B) acceleration for case 1 with the fixed 1000 ft window under the three acceleration limitation scenarios; and 
the corresponding time series (C) speed and (D) acceleration for case 2.
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the look ahead, and we believe the synthetic data are valuable for qualitative insights, we are reluctant to use a synthetic leader 
trajectory for quantitative comparisons.

With these caveats in mind, there are several features of note near tL in Fig. 15. First, notice how the different CAVs sometimes 
exhibit synchronous responses, e.g., the small wobbles in acceleration after 710 sec in Fig. 15C. In this time period the first CAV is 
slowing. As a result, point a1 is continually at the end of the perfect follower trajectory, as per Fig. 13D. As the first CAV varies its speed 
due to changes in the estimated perfect follower trajectory, in response all subsequent CAV will also adjust their speed in that time step 
because point a2 moves with a1. These synchronized wobbles could be viewed as artifacts of the 10 Hz sampling used in the NGSIM 
data. With higher temporal resolution data, we could employ a shorter time step and use a low-pass filter to smooth out the high 
frequency wobbles.

Next, in Fig. 15A notice how successive trajectories accelerate in response to an acceleration wave that passes after 690 sec, with 
the HDV rising earliest but it has not caught up to the speed of the first CAV when it starts accelerating a few seconds later. Then each 
successive CAV accelerates one second after its leader (as per the response time used for the CAV) in sequence to the 15th CAV. Shortly 
thereafter, the CAV followers start to peel away from the leader taking lower speeds in response to an approaching slow wave. Fig. 15B
shows that both the magnitude and duration of this acceleration-deceleration cycle diminish greatly from the first to the 15th CAV.

Using the synthetic data, Fig. 16 extends the coverage further in time and distance from Fig. 14 and now shows the downstream end 
of the fixed 1000 ft window. We see that right at tL the trajectories at the end of the window have started to slow in response to the 
approaching slow wave. While this approaching wave is evident in the look ahead, the HDV leader and first HDV follower are unaware 
and continue accelerating while the first CAV follower starts to decelerate in anticipation of the approaching delay. The first sign of 
recovery from the slow wave is seen in the look ahead window at tE (i.e., the accelerating trajectory at the downstream end), and in the 
plot this signal is projected forward in time along the signal wE. As per design, at tE the first CAV ultimately aims to rejoin the perfect 
follower as it recovers from the slow wave and takes a nearly constant speed from tE until it passes the recovery along wE. The resulting 
impact on the CAV speeds is evident in Fig. 15A-B after tE. At first glance it might seem counterproductive that each successive CAV 
accelerates for a short while in the period right before tL, and that is true when you can see the full time–space plane. But at each time 
step the look ahead has not yet revealed the magnitude of the delay that is approaching. Conditions within the look ahead indicate that 
the flow is improving and so the followers should accelerate to keep up with their leaders. Fig. 15A shows that before tE each successive 
CAV follower speeds up for a shorter period of time and to a lower maximum speed than its leader, which in turn creates excess spacing 
between the given pair of vehicles. As a result, in Fig. 15A after tE each successive CAV takes a speed slightly larger than their leader 
with the aim to catch up to the leader and resume car following just as they pass wE in Fig. 16. In this manner, the platoon of CAVs 
continues to anneal the impacts of the disturbance with successively higher speeds as they smooth the flow. Ultimately, the first CAV in 
Fig. 16 proactively responded to the slow wave almost 20 sec before the HDV leader does. With a longer look ahead, the CAV could 
have responded earlier to the major slow wave and avoided the acceleration prior to tL in Fig. 15A. Regardless, as already noted, 
Fig. 15B shows that both the magnitude and duration of the impact diminish greatly from the first to the 15th CAV.

Figs. 17 and 18 repeat the 15 CAV evaluation for case 2 with a 1,000 ft look ahead and no limit on acceleration. The general trends 
are similar to case 1. At the start of this case the stop wave is downstream of the look ahead region, so the first CAV initially adopts the 
perfect follower trajectory until the delay of the stop wave starts to enter the look ahead region. At which point the first CAV slows and 

Fig. 12. Fuel and emissions savings relative to the first HDV follower for the CAV in case 1 under the fixed 1000 ft look ahead window for the three 
different acceleration scenarios.
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successfully navigates a gentle transition to the post-stop wave state, as per Fig. 18A, the corresponding HDV exhibits large speed 
fluctuations and almost comes to a full stop.5 Fig. 17 shows the stop wave persists to the 15th HDV while the 15th CAV traverses the 
former stop wave with nearly constant speed. Although there is no limit placed on acceleration, Fig. 18D shows the 15th CAV keeps 
acceleration below 1 mphps except for one time step after 650 sec and below 0.5 mphps for most of the time steps in this example.

Returning to case 1, we extended the CMEM evaluation to all 15 of the CAVs, while also considering all three look ahead scenarios 
and all three acceleration limits. The results are similar across all nine permutations, so for brevity Fig. 19 shows the improvements 
relative to the HDV baseline with a 1,000 ft look ahead and no limit on acceleration. This bar chart shows the first CAV follower, 15th 

Fig. 13. (A) To plan the path of the first CAV follower find the fastest radial from the CAV’s location that touches the perfect follower trajectory at 
a1, (B) combine the radial to a1 and the perfect follower trajectory beyond as the estimated trajectory for the first CAV follower, (C) shifting the 
estimated trajectory for the first CAV follower to establish its perfect follower’s trajectory, and then the process is repeated by the second CAV 
follower to find where the fastest radial touches the perfect follower at a2. (D) Sometimes the intersection points a1 or a2 can fall at the end of the 
estimated perfect follower trajectory, as shown here.

5 As discussed in Section 2, technically at this point the stop wave has not fully formed because some vehicles do not come to a complete stop, but 
after a few more vehicles it turns into a full stop wave.
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CAV follower, and average across all 15 CAV followers for case 1. Fuel consumption is reduced by approximately 20 % by the first CAV 
and 40 % by the 15th CAV. In this case the largest benefits are seen in NOx, where they dropped 80 % by the 15th CAV. Again, the 
specific values are highly dependent on the vehicles and prevailing conditions, so these results simply indicate the relative im
provements in emissions and fuel consumption that can be achieved with the CAV control, and that the benefits increase with the 
number of successive CAVs.

3.2. Emergent dynamics

Ultimately this anticipatory CAV control deliberately seeks to disrupt normal HDV car following behavior. Fig. 20A shows the 
speed-spacing progression from the original HDV trajectory of the first follower in case 1. The progression of the first HDV is consistent 
with all 15 of the HDV, so for clarity only the single HDV is shown. For reference the ideal speed-spacing curve is shown with a straight 
line (sjam = 22ft, τ = 1sec, and w = − 15mph). Notice how the HDV vehicle exhibits counterclockwise loops, as anticipated by Newell 
(1962) and subsequently shown empirically (e.g., Coifman et al., 2018). Essentially, a driver only starts decelerating after they 
perceive they are closer to their leader than they would prefer at the given speed, and similarly, they will only start accelerating after 
perceiving the gap ahead has grown. This delayed response is evident with periods of deceleration generally falling to the left of the 
ideal speed-spacing curve and periods of acceleration generally falling to the right.

Fig. 4A-B shows the HDV begins decelerating just after 640 sec, while the corresponding CAV starts out at a lower speed because it 
immediately starts responding to the forthcoming stop wave. The CAV has completed its response to the stop wave by 655 sec, so for 
reference in Fig. 20 the period up to 655 sec is shown with a bold curve and the rest of the time is shown with a thinner line. Fig. 20B
shows the speed-spacing progression for the corresponding first CAV (1,000 ft look ahead, no limit on acceleration). Since the CAV is 
responding to the forthcoming stop wave from the first time step, its initial speed is below that of the HDV. The CAV maintains this 
lower speed in anticipation of the stop wave, creating a large gap as its faster leader pulls away. Then after achieving the largest 
spacing, the leader starts moving through the stop wave and the first CAV follower maintains a relatively stable speed as it consumes 
the excess spacing, thereby starving the stop wave’s progression. In this case the looping follows a clockwise progression as the CAV 
returns to the ideal speed-spacing curve. Unlike the HDV, there is no pre-existing mechanism dictating the looping direction, in this 
case the follower had to slow because the actual delay proved to be larger than originally estimated (compare the estimated trajectory 
to the realized HDV trajectory in Fig. 2E).6 The CAV executes a similar loop near 15 mph as the leader passes through two minor 
disturbances visible in Fig. 14 between 660 sec and 690 sec. The CAV reaches 25 mph at the very end of the progression. To keep the 
presentation as clear as possible, the progression stops at 700 sec, just before the influence of the second stop wave begins, as per 
Fig. 16.

Fig. 20C&D show the speed-spacing progression for the second and third CAVs, respectively. In both cases the vehicles start with a 
large spacing that is consumed as their respective leader slows slightly while the HDV stop wave is absorbed. After passing the first stop 

Fig. 14. Case 1 with the fixed 1000 ft window and no limit on acceleration using the first follower from before and the next 14 vehicles for a total of 
15 successive CAV followers. The CAV trajectories are shown in bold and the original HDV trajectories in a faint color for reference. Note that in the 
original data five HDV entered within the platoon, so the 15th HDV at the start is shown with a darker color up to 700 sec and then the 15th CAV at 
the end is shown with the darker color.

6 If the original estimate proves too conservative, the CAV will eventually speed up and could exhibit a counterclockwise loop.
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wave these vehicles exhibit a mix of car following and near car following behavior where they occasionally take a slightly larger 
spacing to refine the trajectory of their leader. The remaining 12 CAV simply continue refining these trends.

Fig. 21 repeats this analysis for case 2. Again, the HDV exhibits the expected counterclockwise looping (Fig. 21A). This time, at the 
start the CAVs have not yet detected the delays of the forthcoming stop wave. Instead, they are simply converging towards car 

Fig. 15. (A) Time series speed from the 15 CAV and the original trajectory for the first HDV follower for case 1 in Fig. 14. (B) Repeating A only now 
just showing the first and 15th CAVs. (C) The corresponding acceleration from A, and (D) repeating C only now just showing the first and 15th CAVs.
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Fig. 16. Using the synthetic data to extend the coverage beyond the distance shown in Fig. 14 to show the general dynamics of a major slow wave.

Fig. 17. Case 2 with the fixed 1000 ft window and no limit on acceleration using the first follower from before and the next 14 vehicles for a total of 
15 successive CAV followers. The CAV trajectories are shown in bold and the original HDV trajectories in a faint color for reference. Note that in the 
original data one HDV exited from within the platoon, so by the end of this figure the trajectory marked 15th HDV is in the 14th position.
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following. The first CAV starts responding to the stop wave just after 580 sec, while both the CAV and HDV complete their response to 
the stop wave just before 640 sec. As such, in each subplot the period between 580 sec and 640 sec are shown with bold curves while 
the rest of the progression is shown with a thinner line. Like case 1, Fig. 21B shows the first CAV follower lets its leader pull ahead as it 
builds up reserve spacing in preparation to arrest the stop wave’s progression. The corresponding time series speed and acceleration in 

Fig. 18. (A) Time series speed from the 15 CAV and the original trajectory for the first HDV follower for case 2 in Fig. 17. (B) Repeating A only now 
just showing the first and 15th CAVs. (C) The corresponding acceleration from A, and (D) repeating C only now just showing the first and 15th CAVs.
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Fig. 18 are helpful references when interpreting Fig. 21. Note how the first HDV and CAV show divergent behavior at the start of the 
bolded period while the stop wave passes, the HDV in Fig. 21A initially accelerates from 20 mph into the forthcoming stop wave, while 
the corresponding CAV decelerates in Fig. 21B. Unlike case 1, the second and third CAVs are either car following or close to car 
following when the first CAV starts the anticipatory maneuvers for the stop wave. So instead of shrinking their spacing to car following 
(as per Fig. 20C-D), they roughly maintain their spacing as they drop their speed to match their respective leader. In other words, the 
subsequent CAV will rapidly respond to the first CAV slowing and then after passing the former stop wave, close the gap to gradually 
return to the ideal speed-spacing curve, following a clockwise progression in the speed-spacing plane with behavior that HDVs do not 
exhibit.

4. Impacts of the wave velocity and cHDV penetration

Up to this point the wave velocity, w, for our calculations was set to − 15 mph. This setting was based on typical values reported in 
the literature; no effort was made to find an optimal value for the reextracted NGSIM data used in this study. Clearly the shape of the 
estimated trajectory in Fig. 2D depends on w, if one holds the number of cHDV constant, as w decreases generally the end point of the 
estimated trajectory moves further away in time and space. This skewing changes the impact of each downstream cHDV’s state on the 
estimated trajectory. Fortunately, our method to estimate the leader’s trajectory is robust to the resulting errors. Consider Fig. 2F, 
typically the distance to target point a1 is large enough that a change in w translates into a small change in the slope of the line between 
(t1, y1) and a1, thus, yielding only a small impact on the first CAV’s speed for the next time step. The fact that these estimates are 
recalculated at every time step, means that a wrong w will only impact the current speed calculation. Of course, if w remains incorrect 
the next sample will have a similar error, but the errors do not accumulate or compound over time. When going to a platoon of CAV, 
only the first CAV will encounter the errors directly, the dynamics for the subsequent CAV are defined by the methodology, and so they 
strictly adhere to the set τ and w.

To explore the impacts of w, Fig. 22A revisits the first CAV in case 1 with the fixed 1000 ft window and no limit on acceleration. 
Now we consider three values of w: − 7 mph, − 15 mph and –23 mph. The subplot on the left shows the resulting trajectories from the 
three scenarios and the subplot on the right shows the corresponding time series speed. The outcome is similar to what we saw when 
varying the look ahead distance and limits on acceleration: varying w changes the responsiveness and thus, the shape of the speed 
curve, but the methodology continues working as intended. Generally, w = -7 mph results in cautious behavior, slowing early in 
response to an approaching wave while w = –23 mph is aggressive. Fig. 22B shows the corresponding curves for the 15th CAV in case 1. 
In all three variants the distortions from the first CAV are dampened because the successive CAVs follow the set τ and w, so they 
progressively smooth the first CAV’s trajectory. Regardless, all the trajectories come back together after the disturbance, so the travel 
time (or average speed, or total delay) does not change. Fig. 22C&D repeat this process for case 2 with similar results.

Next, the assumption of 100 % cHDV participation among the downstream HDV is a strong requirement. To explore the impacts of a 
lower penetration rate we consider four scenarios: 100 % of HDV are cHDV (as before), 50 % of HDV are cHDV (every other HDV), 33 
% of HDV are cHDV (every third HDV), and 25 % of HDV are cHDV (every fourth HDV).7 Fig. 23 shows the results for case 1 and case 2, 
first CAV and 15th CAV with w = -15, fixed 1000 ft window look ahead, and no limit on acceleration. For each CAV the subplot on the 

Fig. 19. Fuel and emissions savings relative to the first HDV follower for the respective CAVs in case 1 under the fixed 1000 ft window with 
unlimited acceleration.

7 In the three reduced penetration rate scenarios we assume the lead vehicle is always detected by perception sensors onboard the first CAV and 
then the sequence of non-connected vehicles starts with the first HDV downstream of the CAV’s leader.
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left shows the resulting trajectories from the four penetration rates, with all four curves falling nearly on top of one another. While the 
subplot on the right shows the corresponding time series speed. The speed curves are similar, but the four penetration rates become 
distinct, where decreasing penetration rate corresponds to a small decrease in stability. Once more, the impacts are dampened from the 
first to the 15th CAV. These scenarios are idealized with the cHDV uniformly sequenced. In practice anything less than 100 % would 
have random patterns of cHDV arrivals, sometimes with two successive HDV being cHDV and sometimes many successive HDV not 
connected. We envision a different approach for managing long gaps between cHDV (the subject of ongoing research), so this exercise 
simply demonstrates that while the method requires a moderate penetration rate, it does not need 100 % of vehicles being connected.

5. Conclusions

This research developed an approach to enable a connected and automated vehicle (CAV) to smooth out traffic disturbances. The 
first CAV requires the vehicles within the look ahead region to be connected, reporting their current location and speed. These 
instantaneous individual vehicle states are integrated over space to forecast the trajectory of the CAV’s leader. This forecast is then 
used to derive a “perfect follower” for the leader, which bounds the safe travel zone for the CAV that ensures the CAV will have at least 
1 sec reaction time to the leader. At which point the highest constant speed radial is found between the CAV’s current location and the 
perfect follower trajectory. The CAV takes this speed for the current time step and then the process is repeated in the next time step. The 
smooth CAV trajectory eliminates unexpected stops to improve safety and lessens accelerations which in turn reduces vehicle emis
sions and fuel consumption. These benefits are shared with any vehicle following the CAV.

The analysis showed that limiting the acceleration can reduce emissions even further without adding additional delay. Although 

Fig. 20. The progression of the speed-spacing for case 1 underlying the trajectories in Fig. 14 (A) for the original trajectory for the first HDV 
follower, (B) the first CAV follower, (C) second CAV follower and (D) third CAV follower. For reference the ideal speed-spacing curve is shown with 
a straight line in all four subplots.
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deceleration is not limited, the methodology also reduces the magnitude of deceleration because the look ahead provides a smoother 
final trajectory.

Next, the analysis is expanded to explore how multiple CAVs can provide a coordinated response. Since the first CAV “overwrites” 
any information from the downstream trajectories, all subsequent CAVs use their leader’s planned trajectory to determine the perfect 
follower. After this adjustment the rest of the process is unchanged. In so doing, the subsequent CAVs react earlier in the evolution of 
the developing traffic state and thus, continue to smooth out the traffic state beyond what the first CAV achieved.

It is shown that the smoothness of the final trajectory depends on the look ahead distance, any limits on acceleration, the assumed 
wave velocity, and the number of CAVs that have conditioned the trajectory. Throughout all of the experiments the first CAV was able 
to nullify the stop waves. Eliminating stop waves like this should greatly reduce the risk of rear-end collisions. Meanwhile, all the 
scenarios exhibited a large reduction in fuel consumption and emissions.

When exploring the underlying dynamics of the individual vehicles (HDV and CAV) in the speed-spacing plane, the HDV exhibited 
typical counterclockwise looping around the steady state speed-spacing relationship. As soon as delays entered the look ahead region 
of the first CAV, it would slow slightly as its HDV leader pulled ahead, building up a cushion of spacing in anticipation of the 
forthcoming stop wave. Then as the HDV leader moves through the stop wave the first CAV follower maintains a relatively stable speed 
as it consumes the excess spacing, thereby starving the stop wave’s progression. When the first CAV starts the anticipatory maneuvers 
for the stop wave, if there are subsequent CAVs closely following, they roughly maintain their spacing as they drop their speed to match 
their respective leader. In other words, the subsequent CAV will rapidly respond to the first CAV slowing and then gradually take 
shorter spacing as they return to the ideal speed-spacing curve. Thus, the subsequent CAV follow a clockwise progression in the speed- 
spacing plane with behavior that HDVs do not exhibit.

Fig. 21. The progression of the speed-spacing for case 2 underlying the trajectories in Fig. 17 (A) for the original trajectory for the first HDV 
follower, (B) the first CAV follower (note that the bold curve comes close together but never crosses itself), (C) second CAV follower and (D) third 
CAV follower. For reference the ideal speed-spacing curve is shown with a straight line in all four subplots.
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Ultimately, this work seeks to take conventionally unstable queued traffic and bring it to a stable flow while queued at a near 
constant speed that is below free speed. This study does not seek to increase capacity nor reduce delay. It is important to recognize that 
a queue is simply the storage of demand that exceeds the downstream capacity. So, the queued vehicles experience delay while they 
wait to be served. To eliminate a queue requires increasing capacity or decreasing demand. By smoothing out the disturbances this 

Fig. 22. The results from three different values for the wave velocity showing the trajectories in the time–space plane on the left and corresponding 
time series speed on the right for, (A) first CAV in case 1, (B) 15th CAV in case 1, (C) first CAV in case 2, (D) 15th CAV in case 2. All plots used the 
fixed 1000 ft look ahead window and no limit on acceleration.
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work seeks to reduce the negative impacts of congested traffic by keeping conditions as safe as possible while minimizing emissions 
and fuel consumption from the queued vehicles.

This study has its limits; it relies on an idealized assumption that all vehicles are either connected HDV (cHDV) or CAV. Section 4
shows that the method does not need 100 % of the HDV being connected. Future work will extend the methodology to scenarios that 

Fig. 23. The results from four different penetration rates of cHDV showing the trajectories in the time–space plane on the left and corresponding 
time series speed on the right for, (A) first CAV in case 1, (B) 15th CAV in case 1, (C) first CAV in case 2, (D) 15th CAV in case 2. All plots used the 
fixed 1000 ft look ahead window and no limit on acceleration.
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are more representative of the near term, where CAVs and cHDVs only make up a small fraction of the vehicles. Our ongoing research is 
exploring how to use the trajectory of one CAV to estimate the leader’s trajectory for the next CAV in mixed traffic at a low penetration 
rate, without knowing anything about the HDVs that are between the two CAVs. Meanwhile, this study only considered a single lane, 
future work will bring in multi-lane control that includes sequencing and optimizing lane change maneuvers.

The prospect of deploying a variant of this method in traffic that includes HDV will require forethought about how to implement the 
system with unacquainted humans in the loop. By slowing the CAV in anticipation of a forthcoming stop wave, this approach can give 
rise to a large but short-lived gap between the CAV and its leader, e.g., Fig. 3A shows a roughly 200 ft gap between these two vehicles at 
640 sec. For this work it is assumed that no vehicle will enter that gap from another lane. It is recognized that in real traffic such a large 
gap might attract HDV from the adjacent lanes, and some means of preventing those maneuvers will need to be implemented. That 
could be achieved via enforcement, coordination across lanes, or adjusting the CAV control. While it is an important element that needs 
to be addressed for deployment, it is left as future work at this current proof of concept stage.
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