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Problem Statement

 Respond efficiently to all incidents spread over a large geographical area with limited resources

Daily interstate highway accidents
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Our Approach: Proactive ERM Resource Allocation
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Background: Prediction Example

We use survival analysis - a
class of methods to find inter-
arrival times.

Inter-arrival time: t; = x; — x;;

We use Maximum Likelihood
Estimation to estimate
parameters.

However, even in this case we
had to aggregate incidents
within a grid and the
prediction works over the
grid. [sparsity is around 80 %].

However, when we focus on
key interstates:

* Due high to spatial and
temporal granularity the

sparsity levels become Incidents predicted by model for January 2019 Real incident distribution January 2010.
extremely high.
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Formalizing the Problem

* The goal is to design a function, f (Y | X ,w)

* Where Y represents a measure of incident, such as a count,
occurrence (presence of incidents during a specific time period,)
severity, etc.

* X represents the parameters regarding the model such as rainfall
and location of the segment.

* w paraments of the model we aim to adjust (usually using MLE.)
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Challenges

e Data Collection: Many factors are involved in road
accidents, which requires collecting various types of
data from assorted resources with different resolution
and quality.

* Data Integration: Due to the enormous size of data sets
and their incompatibility, combining them in is not
trivial.

e Sparsity: Although frequency of road accidents is high,
when viewed from the perspective of total time and
space, incidents are actually rare events.

oadway Segment

< 110

* Irregular incident occurrence: Accidents are random in
nature, in particular in high spatial-temporal resolution.

* Resolution: While archiving a very high-resolution
prediction is virtually impossible, reducing the
resolution may cause aggregation bias and unobserved

2400 p

heterogeneity. Therefore, resolution level should be SN2 3L8E B NNTeeE RO AT RENRRS
selected strategically and based the application of the 333333303333 003332000033300333
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Collected Data

Dataset | Range Size Rows Features Source Frequency | Type Description
- - - - Time of day derived - Temporal We divide each day into six 4-hour time windows.
- - - - Weekend derived - temporal A binary feature that denotes weekdays.
02/01/2017 Past Incidents in the last window | derived - Spatio-temporal | Number of incidents on the segment in the last time window of 4 hours
it to aiMB | 80.000 Past Incidents in a day derived - Spatio-temporal | Number of incidents on the segment in the last day
05/01/2020 ' Past Incidents in a week derived - Spatio-temporal | Number of incidents on the segment in the last week
Past Incidents in a month derived - Spatio-temporal | Number of incidents on the segment in the last month
02/01/2017 Visibility Weatherbit | 1 hour Spatio-temporal | A measure of the distance at which an object or light can be clearly discerned.
to Wind Speed Weatherbit | 1 hour Spatio-temporal | Speed of wind.
Weatiaer 06/01/2020 AR | TMand Prccipitlation Weatherbit | 1 hour Sgatio-tcmgoral Apnclount of precipitation.
Temperature Weatherbit | 1 hour Spatio-temporal | It is the reported temperature.
04/01/2017 Congestion derived 5 minutes | Spatio-temporal | Congestion is the ratio of the difference between free flow speed and the current speed to free flow speed
Traffic to 1.2TB | 30,000,000,000 | Free Flow Speed INRIX 5 minutes | spatial The speed at which drivers feel comfortable if there is no traffic and adverse weather condition.
12/01/2020 Traffic Confidence INRIX 5 minutes | Spatio-temporal | A confidence score regarding the accuracy of the traffic data (we collect this directly from INRIX).
Lanes INRIX static Spatial Number of lanes for a roadway segment.
Roadways | Static 8IMB | 80,000 Miles derived static Spatial Length of a roadway segment.
iSF derived static Spatial Inverse scale factor which represents the the curvature of a roadway segment.
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Training

We use rolling windows for training.
Different models are evaluated based on the average of these 12 windows.
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Evaluation

Model Clustering Resampling Name Accuracy Precision Recall F1-Score Pearson Spearman |
Naive Naive 60.8
No resampling  LR*NoR+NoC1 94.0 13.8 27.4 18.2 70.4 55.2
Nocuster  RUS LR#RUS#NoCL 93.0 12.8 32.3 18.3 5: 54.7
. ROS LR#ROS+NoC1L 93.0 12.8 32.3 18.3 54.7
Nosample  LReNoRKM2 93.0 12.5 30.9 17.7 58.4
clustering RUS LR+RUSKM2 124 17.8 74.2 58.1
ROS LR+ROS+KM2 122 34.2 17.9 74.2 58.1
NnggpReNoct 19.2 32.8 ' @ 585
No NN£RBUS+N . - Q3
" I W 32) 47
1 2
clustering NN+RUS+K 18.4 T/ 4.6
ROS NN+ROSTKM2 94.7 18.3 331 2355 74.5
Noresampling ~ RF¥NoR+NoC1 95.0 19.0 31.8 23.6
RUS
No cluster
ROS
Class weights
Tree
No resampling
RUS RF+RUS+KM2
clustering
ROS RF+ROS+KM2
Class weights RF+CW+NoC1 |
Noresampling  ZIP*NoR+NoC1
No cluster RUS ZIP+RUS+NoC1
ROS ZIP+ROS+NoC1
ZIP
No resampling ZIP+NoR+KM2
clustering RUS ZIP+RUS+KM2
ROS ZIP+ROS+KM2
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Summary of the Problem

The available resources (responders) are spatially distributed according to
historical events or accident prediction rate.
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Hotspot Model

The available resources (responders) are spatially distributed according to
historical events or accident prediction rate.
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Allocation

a =0

P-Median Problem Modified P-Median Problem

Performance = Z d; jpi

Algorithm 1: Greedy-Add Algorithm

1
2
3
4
5

-
’

5

9
10
I
12

13

input : Demand Edges F/, Potential Responder Locations L, Segment
Incident Likelihoods a; Ve; € E, Segment to Location Distances
d(i,j) Ve; € E,VIl; € L, Number of Responders p, Balance
Factor &

output: Responder Locations X

Initialize k£ := 0, X =0 ;
while & < p do
kE:=k+1;
for location L € L, where _jl ¢ Xi 1 do
Xi = Xg—1 Ul ’
Find nearest facilities y; Ve; € E, where y.. € X;
-
. g i€ cE® v x -
Compute balance terms b; := (—<=* = .: )" Vl;j € L where
FaY | ‘f v ]
Y = 11t y; = L;, ¢ := 0 otherwise,
Compute Z“, =9y e Ged(ei, yi)by,
J ——red v veg
end
Best location [ : argmin /:‘
Xg = Xpg—-1 U3G*;
Return X,
end

Performance = Z d; jp; b;

=350
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Evaluation

e e . Correl-
Classification Metrics .
ation
Model Clustering Resampling | Acc. Prec. Rec. F1 Pear. Spear.
Naive 60.8
No 940 138 274 182 | 704 552
resampling
No cluster
RUS 93.0 12.8 323 18.3 63.1 54.7
LR ROS 93.0 12.8 323 18.3 63.2 54.7
No sample 93.0 12.5 30.9 17.7 76.6 58.4
clustering ~ RUS 121 BAAN 175 | 742 581
ROS 12.2 34.2 17.9 74.2 58.1
No . 94.9 19.2 32.8 24.0 71.7 58.5
resampling
No cluster
RUS 95.0 19.2 32.6 24.1 73.2 59.3
NN ROS 94.9 19.1 32.8 23.9 69.3 54.7
No sample 950 19.0 316 237 | 756  58.9
clustering  RUS 94.7 18.4  32.7 233 73.1 54.6
ROS 947 183 | 331 233 | 745 554
No . 95.0 19.0 31.8 23.6 78.7 63.4
resampling
No clust RUS 95.2 19.3 30.5 23.5 67.4 56.9
o cluster
ROS 953 186 276 221 | 792 [Nedel|
Class weights| 95.4 30.4 77.1 62.5
Tree
No
. 95.1 18.9 30.5 23.2 79.8 62.3
resampling
, RUS 95.0 194 325 242 | 738 576
clustering
ROS 951 183 287 222 | 801 63.6
Class weights| 95.4 30.4 77.1 62.5
No . 94.4 14.6 26.8 18.9 74.0 58.0
resampling
No cluster
RUS 94.2 13.9 26.1 18.1
ROS 94.2 13.9 26.7 18.2
ZIP
No
. 93.1 13.1 31.9 18.5 77.6 61.8
. resampling
clustering
RUS 93.0 127 308 S 742 571
ROS 93.0 12.8 30.9 18.0 74.3 57.0

Distance
p =10,15,20
a=0,05,1,2
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Evaluation

e . . Correl- Total travel distance of responders per accident (km)
Classification Metrics R
ation p=10 p=15 p=20
Model Clustering Resampling | Acc. Prec. Rec. F1 Pear. Spear.| a=0 | a=0.5| a=1 a=2 a=0 | a=0.5| a=1 a=2 a=0 | a=0.5| a=1 a=2
Naive 60.8 | 39.48 38.44 45.35 25.78 26.78 19.43
No . 940 138 274 182 | 704 552 | 41.54 41.88 40.04 44.90 | 25.30 25.16 = 26.93 26.73 | 18.98 16.78 17.41 20.23
No clust resampling
O cluster
RUS 93.0 128 323 183 547 | 4290 4341 3997 4436 | 25.07 2538 26.01 26.94 | 19.07 18.05 17.00 20.41
LR ROS 93.0 128 323 183 54.7 | 42.83 4390 39.80 44.74 | 25.14 2533 2588 27.22 | 19.02 1825  16.61 20.06
No sample 93.0 125 309 177 | 766 58.4 | 40.79 39.44 | 42.57 44.81 | 24.44 2514 2621 27.79 | 18.55 19.39 1895 21.45
clustering  RUS 121 17.8 | 742 581 | 4269 4096 42.16 43.75 | 2466 2475 2620 27.78 | 18.93 1869 17.18 20.08
ROS 12.2 17.9 | 742 581 | 4278 40.89 - 4422 | 2458 2484 2618 28.29 | 18.87 1866 17.04 19.90
N
° ) 949 192 328 240 | 71.7 585 3912 39.21 4343 | 2235 2357 2474 26.69 16.44 17.52 20.33
resampling
No cluster
RUS 95.0 192 326 241 | 732 59.3 39.07 43.84 | 2224 2385 2497 27.64 16.21 17.05 20.27
NN ROS 949 191 328 239 | 693 547 43.21 2432 26.61
No sample 95.0 19.0 316 237 | 756 589 | 39.32 39.88 39.61  43.09 | 23.18 23.96 2458 27.34 | 17.46 17.15 17.00 20.16
clustering  RUS 947 184 327 233 | 731 546 | 39.79 39.61 39.99 4508 | 22.92 2472 2532 2775 | 16.20 17.10 17.71 21.23
ROS 947 183 | 331 233 | 745 554 | 3860 3824 40.66 - 2223 23.78 2504 27.40 | 1631 16.89 18.00 20.81
No ) 95.0 19.0 31.8 236 | 787 = 63.4 | 40.81 3828 39.62 44.46 | 23.21 24.30 16.88  16.36 19.97
resampling
Nocluster  RUS 952 193 305 235 | 674 569 | 39.55 3871 4013 |28 23.44 | 2332 2441 27.06 | 1647 1719 17.17 20.04
O cluster
ROS 953 186 276 221 | 79.2 - 41.14 39.86 40.37 | 4529 | 23.72 23.78 2512 26.82 | 17.89 16.53 16.68 20.14
Class weights| 95.4 30.4 771 625 | 39.79 3946 39.91 4458 | 23.14 2409 26.56 | 16.24 16.51 17.68 20.04
Tree N
° . 951 189 305 232 | 798 623 | 41.40 3881 39.88 43.16 | 22.98 2456 26.75 | 16.88 16.25 16.89 19.90
resampling
lusteri RUS 95.0 19.4 325 242 | 738 57.6 | 39.47 39.53 40.20 44.62 | 23.12 23.79 27.49 | 16.44 1713 18.00 20.39
clusterin;
®  Rros 951 183 287 222 | 801 63.6 | 40.94 3970 40.82 4421 | 23.36  23.48 2445 2660 | 1692 16.08 16.80 20.38
Class weights| 95.4 30.4 77.1 625 | 39.53 3850 40.95 45.12 | 23.54 23.54 27.58 | 1629 17.34 1812 20.37
No
) 944 146 268 189 | 740 580 | 40.37 40.14 40.15 44.42 | 2535 2507 2599 26.66 | 18.53 16.45 17.08 20.81
resampling
No cluster
RUS 942 139 261 181 40.89 4423 | 2572 2543 26.86 27.54 | 1893 19.26 16.93 19.91
e ROS 942 139 267 182 4070 44.62 | 2577 2548 27.00 27.80 | 18.88 19.08 16.98 | 19.76 |
No . 931 131 319 185 | 77.6  61.8 | 39.35 41.08 40.12 44.97 | 2417 24.66 26.42 27.26 | 18.06 18.40 18.91 20.92
. resampling
clustering
RUS 93.0 127 308 s 742 571 | 4346 4176 = 42.50 45.17 | 24.67 26.56 17.47  21.08
ROS 93.0 128 309 180 | 743 570 | 4357 4131 - 45.08 | 24.77 26.41 17.29  20.98
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Evaluation

I . Correl- Total travel distance of responders per accident (km) Average number of unattended accidents
Classification Metrics R
ation p=10 p=15 p=20 10 15
Model Clustering Resampling | Acc. Prec. Rec. F1 Pear. Spear.| a=0 |a=0.5 =1 | a=2 | a=0 |0a=0.5| a=1 | a=2 [ a=0 |a=0.5| a=1 | a=2 0 | 0.5 | 1 I 2 0.5 | 1 | 2
Naive 60.8 | 39.48 38.44 0.54 049 048 046 0.01
No i 940 138 274 182 | 704 552 | 4154 41.88 40.04 44.90 | 25.30 25.16 26.73 | 18.98 1678 17.41 2023 | 054 047 042 0.42
resamplin
No cluster ping
RUS 930 128 323 183 547 | 4290 4341 3997 4436 | 2507 2538 2601 26.94 o052
LR ROS 93.0 128 323 183 54.7 | 42.83 4390 39.80 44.74 | 25.14 2533 2588 27.22
Nosample | 930 125 309 177 | 766 584 | 40.79 39.44 | 4257 44.81 | 2444 2514 2621 27.79
clustering  RUS 121 17.8 | 742 581 | 4269 40.96 42.16 43.75 | 24.66 24.75 2620 27.78
ROS 12.2 17.9 | 742 581 | 4278 40.89 44.22
No ) 949 192 328 71.7 585 39.12 43.13
resampling
No cluster
RUS 95.0 192 326 732 59.3 39.07 43.84
NN ROS 949 191 328 239 | 693 547 43.21
No sample 95.0 19.0 316 237 | 756 39.32 39.88 39.61  43.09 23.96 24.58
clustering  RUS 9.7 184 327 233 | 731 39.79 39.61 39.99 4508 | 2292 2472 2532 27.75
ROS 947 183 331 233 | 745 38.60 38.24 40.66 - 2223 2378 2504 27.40
No ) 95.0 19.0 318 236 | 78.7 40.81 | 3828 39.62 44.46 | 23.21 24.30
resampling
No clust RUS 952 193 305 235 | 67.4 39.55 3871 40.13 23.44 24.41  27.06
O cluster
ROS 953 186 276 221 | 79.2 4114 39.86 40.37 2372  23.78 2512 26.82
Class weights 30.4 771 625 | 39.79 3946 39.91 4458 | 23.14 26.56
Tree N
° . 951 189 305 232 | 798 623 | 41.40 3881 39.88 43.16 | 22.98 24.56  26.75
resampling
) RUS 95.0 19.4 325 73.8  57.6 | 39.47 39.53 4020 44.62 | 2312 23.79 27.49
clustering
ROS 951 183 287 222 | 804 636 | 40.94 39.70 40.82 44.21 | 23.36 | 23.48 2445 26,60
Class weights 30.4 77.1 625 | 39.53 3850 40.95 45.12 | 23.54 23.54 . 27.58
No ) 944 146 268 189 | 740 580 | 40.37 4014 40.15 44.42 | 2535 2507 2599 26.66
resampling
No cluster
RUS 942 139 261 181 40.89 44.23 25.43 27.54
- ROS 942 139 267 182 40.70  44.62 25.48 27.80
No . 931 131 319 185 | 77.6  61.8 | 39.35 41.08 40.12 44.97 | 2417 2466 2642 27.26 | 18.06 18.40 18.91
. resampling
clustering
RUS 93.0 127 308 s 742 571 | 4346 41.76 45.17 | 24.67 26.56 17.47 0.46
ROS 93.0 128 309 180 | 743 570 | 4357 4131 45.08 | 24.77 26.41 17.29 2098 | 057 0.49 048 0.5 0.01
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Evaluation

I . Correl- Total travel distance of responders per accident (km) Average number of unattended accidents Maximum number of unattended accidents
Classification Metrics
ation p=10 p=15 p=20 10 15 10 15
Model Clustering Resampling | Acc. Prec. Rec. F1 | pear. spear.| a=0 |a=0.5 0 o5 | 1 | 2 0o | o5 ] 1 | 2 0 |05 ] 1 2 0o | o5 | 1 2
Naive 60.8 | 39.48 3844 054 049 048 046 001 001 00l | 1500 14.00 14.00 200 100 100
No 940 138 274 182 | 704 552 | 4154 41.88 40.04 44.90 054 047 042 042 0.01 13.00 | 1400 12.00 .00 1.00
resampling
No cluster
RUS 930 128 323 183 547 | 42.90 4341 3997 4436 | 2507 2538 2041 | 056 046  0.46 0.01 1.00
LR ROS 930 128 323 183 547 | 42.83 43.90 3080 4474 | 25.14 2533 2588 27.22 20.06 | 0.56 046  0.45 0.01 14.00 1.00
Nosample | 930 125 309 177 | 766 584 | 40.79 39.44 | 4257 44.81 | 2444 2514 2621 27.79 2145 | 053 041 043 044 | 0.02 001 0.01 12.00 13.00 1.00  1.00
clustering  RUS 12.1 742 581 | 42.69 4096 < 42.16 4375 | 2466 24.75 26.20 1893 1869 17.18 2008 | 054 048 042 040 | 0.01 001 | 1500 1500 11.00 12.00 | 1.00 1.00
ROS 12.2 742 581 | 42.78 40.89 44.22 1866 17.04 | 19.90 | 054 048 042 041 | 001 001 | 15.00 15.00 11.00 1.00 1.00
No 949 192 717 585 39.12 43.13 16.44 1752 2033 040 043 040 | 0.01 001 001 11.00 11.00 1.00 .00 1.00
No clust resampling
O cluster
RUS 95.0 192 732 593 39.07 43.84 17.05 2027 | 047 041 043 045 0.01 0.01 1100 11.00 12.00 .00  1.00 1.0
NN ROS 949 191 693 547 43.21 1723 2033 | 046 041 042 043 0.01 1100 11.00 13.00 1.00
Nosample | 950 190 316 237 | 756 589 | 3932 39.88 3961  43.09 23.96 2458 27.34 17.00 2016 040 042 042 1500 12.00 12.00 | 14.00
cIustering RUS 94.7 18.4 32.7 23.3 73.1 39.79 39.61 39.99 45.08 22.92 24.72 25.32 27.75 17.10 17.71 21.23 0.48 0.45 0.42 0.42 0.01 0.01 11.00 11.00 12.00 1.00 1.00 1.00
ROS 947 183 331 233 | 745 3860 3824 4066 | 45,50 | 22.03 23.78  25.04 27.40 1689 1800 20.81 | 048 041 044 041 001 | 13.00 11.00 14.00 1.00
Noo 950 190 318 236 | 787 40.81 | 3828 39.62 44.46 | 23.21 24.30 1688  16.36 1997 | 051 044 042 042 13.00 1200 12.00 1.00
resampling
Nodluster RUS 952 193 305 235 | 67.4 3955 3871 40.13 23.44 2441 27.06 | 1647 1719 17.17 2004 | 048 | 040 W08 o043 | 001 001 13.00 1200 13.00 13.00 | 1.00  1.00
O cluster
ROS 953 186 276 221 | 79.2 4114 39.86 4037 2372 2378 2512 2682 | 17.89 16.53 | 16.68 20.14 | 053 046 044 042 | 001 0.1 13.00 1100 14.00 | 1.00  1.00
Class weights 30.4 771 625 | 39.79 3946 3991 4458 | 23.14 26.56 | 1624 1651 17.68 20.04 - 041 040 041 | 001 001 0.01 1100 1200 1200 | 1.00  1.00 1.00
Tree N
° ’ 951 189 305 232 | 79.8 623 | 4140 3881 39.88 43.16 | 22.98 2456 2675 | 1688 1625 1689 19.90 | 049 042 042 043 | 001 0.01 13.00 | 11.00 12.00 | 1.00 1.00
resampling
usteri RUS 950 194 325 73.8 57.6 | 3947 39.53 4020 44.62 | 23.12 23.79 27.49 | 1644 1713 1800 20.39 [ 049 | 040 WOBEN o.42 13.00 12.00  12.00
clusterin|
€ Ros 951 183 287 222 | 804 636 | 40.94 39.70 40.82 44.21 | 23.36 | 23.48 2445 26,60 | 1692 | 16,08 1680 20.38 [ 0.51 045 043 040 | 0.01 001 001 | 13.00 13.00 11.00 12.00 | 2.00 100 100
Class weights 304 771 625 | 39.53 3850 4095 45.12 | 23.54 | 23.54 . 2758 | 1629 1734 1812 2037 | 0.8 041 | 0.01 0.01 12.00 | 1.00 1.00
No ’ 944 146 268 189 | 740 580 | 4037 40.14 4015 44.42 | 2535 25.07 2599 26.66 | 1853 1645 17.08 20.81 | 0.51 045 041 040 | 0.2 0.01 1500 12.00 = 14.00 1.00
resamplin;
No cluster piing
RUS 942 139 261 181 4089  44.23 25.43 27.54 | 1893 1926 1693 | 19.91 0.01 2.00
- ROS 942 139 267 182 40.70  44.62 25.48 27.80 | 18.88 19.08 16.98 0.01 2.00
No ’ 931 131 319 185 | 776 618 | 39035 41.08 40.12 44.97 | 2417 24.66 2642 27.26 | 18.06 18.40 1891 20.92 | 047 045 0.42 0.02 001 001 | 13.00 1500 12.00 12.00 .00 1.00
, resampling
clusterin,
% Rus 930 127 308 5 | 742 571 | 4346 4176 4517 | 24.67 26.56 17.47 2108 | 055 048 0.46 0.01 0.01 13.00 12.00 1.00 1.00
ROS 930 128 309 180 | 743 57.0 - 41.31 45.08 | 24.77 26.41 1729 2098 - 049 048 045 0.01 0.01 13.00 12.00 1.00 1.00

188

Institute for Software Integrated Systems

World-class, interdisciplinary research with global impact.

A4

VANDERBILT UNIVERSITY




cvaludaliUll O1 LNC Frcuaicuorl ivioudcis 1 nNCal

p=20

Il alpha

p=15

Bl alpha

p=10

. apha

0.0
0.5

B alpha=1.0

100

=0.0

0.0
0.5

B alpha=1.0

B alpha

0.5

 alpha=1.0

B alpha

20

. apha

8 3 g &

(wy) yuapiooy Jad aouejsiq [aAel ] abeiany

=20

BN alpha

g 8 8 ¢

¥) Juapiooy Jad souejsiq [aAel| abelany

B alpha

20

. apha

o

|
|
|

i

|

175

i

i

3 & 8 2 8

25

(wy) Juapiooy Jad aouejsiq [9Ael ) abeliany

0

TNM+SOYM+dIZ
CNA+SNY+dIZ
ZI+HON+dIZ
LOON+SOY+dIZ
LOON+SNY+dIZ
LOON+HON+dIZ
CNA+SOY+4d
ZNI+SNY+3Y
CNM+HON+4Y
ZWH+MO+3Y
LOON+SO¥+4Y
LOON+SNY+44
LOON+HON+4Y
LOON+MO+4H
ZNA+SOY+NN
ZWA+SNY+NN
ZINM+HON+NN
LOON+SOY+NN
LOON+SNY+NN
LOON+HON+NN

Model

ZINN+SOM+HT
ZN+SNY+YT
ZINN+HON+
LOON+SOY+Y1
LOON+SNY+¥1
LOON+HON+¥1
aneN

ZINM+SOY+dIZ
CNM+SNY+dIZ
ZIN+HON+dIZ
LOON+SOY+dIZ
LOON+SNY+dIZ
LOON+HON+dIZ
ZA+SOY+4d
ZNA+SNY+3Y
ZINA+HON+3Y
ZA+MO+3Y
LOON+SO¥+3
LOON+SNY+4Y
LOON+YON+3Y
LOON+MO+4d
ZWA+SOY+NN
ZDA+SNYU+NN
CNA+HON+NN
LOON+SOY+NN
LOON+SNY+NN
LOON+HON+NN
ZNDA+SOY+M
ZNDA+SNY+
ZNA+HON+MT
LOON+SO¥+Y1
LOON+SNY+¥1
LOON+MON+Y1
aneN

TINM+SON+dIZ
CNAM+SNY+dIZ
ZIN+HON+dIZ
LOON+SOY+dIZ
LOON+SNY+dIZ
LOON+HON+dIZ
ZNA+SOY+d4d
SNI+SNY+3Y
ZINH+HON+4
ZWH+MO+3Y
LOON+SO¥+4
LOON+SNY+4H
LOON+MON+4Y __
LOON+MO+4H M
ZWA+SOY+NN
ZNA+SNY+NN
ZINM+HON+NN
LOON+SO¥+NN
LOON+SNY+NN
LOON+HON+NN
ZNH+SOY+Y
ZNI+SNY+ET
ZAA+HON+Y
LOON+SO¥+¥1
LOON+SNY+A1
LOON+HON+Y1
aneN

V| VANDERBILT UNIVERSITY

Institute for Software Integrated Systems
World-class, interdisciplinary research with global impact

1§ §



p=15

B alpha

=0.0

=05
=10
20

B alpha

Bl alpha

160

140

(

E 120
0

8 3 3
) Juapiooy Jad aouesiq [9Ael fl abelany

|
|
|
W

CNM+SO¥+dIZ
CNM+SNY+dIZ
CINM+HON+dIZ
LOON+SO¥+dIZ
LOON+SNY¥+dIZ
LOON+HON+dIZ
Z+SOY+4
ZWA+SNY+4Y
ZAMHYON+JY
CWA+MO+3Y
LOON+SOY+3Y
LOON+SNY+4Y
LOON+YON+JY
LOON+MO+4d
ZNA+SOH+NN
ZNI+SNY+NN
CINA+HON+NN
LOON+SOY+NN
LOON+SNY+NN
LOON+HON+NN
ZWA+SOY+H1
ZNI+SNY+YT
T+ HON+M
LOON+SO¥+Y1
LOON+SNY+¥1
LOON+HON+Y1
anleN

%/ | VANDERBILT UNIVERSITY

Institute for Software Integrated Systems
World-class, interdisciplinary research with global impact

1§ §



cvdiuallUll O1 UIC FIcuiCcuorl ivioducis 1 nNcdl

CNN+SO¥+dIZ
CNA+SNH+dIZ
SN+ HON+dIZ
LOON+SO¥+dIZ
LOON+SNY+dIZ
LOON+HON+dIZ

ZINH+SON+ 4
| 2SN+
CWA+HON+JY
. CNA+MO+3Y
- [ LOON+SO¥+Y
LOON+SNY+4Y
© | LOON+HON+Y _
—002+>>0+“_mm

%/ | VANDERBILT UNIVERSITY

CNA+SOH+NN
CNA+SNY+NN
CNA+HON+NN
LOON+SOY+NN
FOON+SNH+NN
LOON+HON+NN
CVI+SO¥+H
CA+SNYE+YT
CA+HON+ Y
FOON+SOX+Y1
FOON+SNY+A1
FOON+HON+YT

- eneN
o

Institute for Software Integrated Systems
World-class, interdisciplinary research with global impact

1§ §




s . ¥ R IR B BRE BN AWK R AR RN AL LY LAY NN R AN AN A B SR N Ay AN RAE. BN N R RE

=0.0

B alpha

=0.5

I alpha

B alpha

1.0
2.0

Bl alpha

Il

160

140

o
N
1

3
(wy) yuspiooy Jad

. ZWA+SOH+NN

CVA+SNY+NN

C o\ ZIWM+HON+NN
LOON+SOY+NN

CNM+SO¥+dIZ
CNA+SNH+dIZ
NI +HON+dIZ
LOON+SOY+dIZ
LOON+SNY+dIZ
L OON+HON+dIZ
CNA+SOY+4
CNA+SNYE+3Y
CWA+HON+JY
CA+MO+3Y
LOON+SOY+3Y
LOON+SNY+ 4
LOON+MON+JY _
FOON+MO+ 4 M

FOON+SNH+NN
LOON+HON+NN
CA+SOY+ Y
CA+SNY+YN
CA+HON+Y
FOON+SO¥+Y1
FOON+SNY+¥
FOON+HON+Y

- aneN
=

%/ | VANDERBILT UNIVERSITY

Institute for Software Integrated Systems
World-class, interdisciplinary research with global impact

1§ §



Effect of Hyperparameter a

* As the fleet size increases, the influence of o decreases.
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Further Details

* https://arxiv.org/abs/2106.08307

Cornell University

arXiv.org > cs > arXiv:2106.08307

Computer Science > Machine Learning

[Submitted on 15 Jun 2021}
Learning Incident Prediction Models Over Large Geographical Areas for Emergency Response Systems

Sayyed Mohsen Vazirizade, Ayan Mukhopadhyay, Geoffrey Pettet, Said El Said, Hiba Baroud, Abhishek Dubey

Principled decision making in emergency response management necessitates the use of statistical models that predict the spatial-temporal likelihood of incident occurrence. These statistical models are then used for proactive stationing which allocates first
responders across the spatial area in order to reduce overall response time. Traditional methods that simply aggregate past incidents over space and time fail to make useful short-term predictions when the spatial region is large and focused on fine-grained spatial
entities like interstate highway networks. This is partially due to the sparsity of incidents with respect to the area in consideration. Further, accidents are affected by several covariates, and collecting, cleaning, and managing multiple streams of data from various
sources is challenging for large spatial areas. In this paper, we highlight how this problem is being solved for the state of Tennessee, a state in the USA with a total area of over 100,000 sq. km. Our pipeline, based on a combination of synthetic resampling, non-
spatial clustering, and learning from data can efficiently forecast the spatial and temporal dynamics of accident occurrence, even under sparse conditions. In the paper, we describe our pipeline that uses data related to roadway geometry, weather, historical
accidents, and real-time traffic congestion to aid accident forecasting. To understand how our forecasting model can affect allocation and dispatch, we improve upon a classical resource allocation approach. Experimental results show that our approach can
significantly reduce response times in the field in comparison with current approaches followed by first responders.

Subjects: Machine Learning (cs.LG)
Cite as:  arXiv:2106.08307 [cs.LG]
(or arXiv:2106.08307v1 [cs.LG] for this version)
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