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Technical Memorandum 1 

 
Date:   May 21, 2010 
 
To:   Tony Hull, Transit for Livable Communities 
        Shaun Murphy, Minneapolis Department of Public Works 
 
From:  Jason Borah, Steve Hankey, Kris Hoff, Brad Utecht, Zhiyi Xu 

University of Minnesota Humphrey Institute of Public Affairs 
 
Subject: Use of Greenway, Sidewalk, and Bicycle Infrastructure in Minneapolis 
 
 
 
 
Purpose 
 

This memo describes patterns of pedestrian and bicycle traffic at 240 locations in the City of 
Minneapolis.  We estimate 12-hour traffic volumes for these locations from more than 450 periods of 
observation ranging from one to more than 12 hours. 
 
Introduction and memo structure 
 
The pedestrian and bicycle counts (from 2007-2009) obtained from the City of Minneapolis and Transit 
for Livable Communities in multiple files were combined into a single database.  Count locations were 
aggregated across years to create a definitive list of count locations.  External data (e.g., facility type, 
transit accessibility) was joined to each count location.  This memo details a set of analyses to illustrate 
recent traffic patterns in Minneapolis. 
 
This memo is divided into three main sections: 
 

1. Summary statistics 
2. Daily and seasonal patterns 
3. Sensitivity analysis of peak-hour counts 

 
Core conclusions 
 
Our core conclusions from these analyses include: 
 

Summary Statistics 
 
Daily flow for bicyclists is greatest on off-street facilities followed by on-street facilities. Count 
locations with no bicycle infrastructure have the lowest amount of use by bicyclists.  Among 
street types, count locations on A-Minor roads have the most traffic for bicyclists.  For each road 
type, the number of bicyclists is much greater when there is an on-street bike facility. 
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Daily flow for pedestrians is greatest on streets with a bus line and collector streets.  Average 
twelve hour pedestrian counts on streets with a bus line are double the average count on 
streets without a bus line.  By functional class, daily pedestrian flow is greatest on collector 
streets followed by A-Minor roads.  Pedestrians use off-street facilities least. 
 
Daily and seasonal patterns 
 
Hourly bicycle patterns are consistent across facilities.   Manual count data and automated loop 
detector data tracked well across the course of a day.  Variations in peak-hour flow are likely 
due to increased recreational use on off-street facilities. 

 
Bicycle traffic on the Midtown Greenway varies by a factor of 10-30 by season.  For the three 
locations with loop detectors on the Midtown Greenway bicycle traffic is about 10-30 times 
(depending on the location) higher during summer months than winter months. 

 
Bicycle traffic on the Midtown Greenway show differences between weekends and weekdays.   
For most months of the year, daily weekend traffic is greater than daily weekday traffic, but this 
is not the case for all months. For some months, the weekend-weekday ratio is less than one. 
These ratios suggest that much of the use of this facility is utilitarian in nature. 

 
 Sensitivity analysis of peak-hour counts  
 

Measures of peak-hour flow correlate well with 12-hour counts.  Multiple time intervals during 
peak hours (4-6pm) seem to be good estimators of 12-hour counts (6:30-18:30).  More near full 
day counts (12-24 hours) would aid in verifying these results. 
 
For peak hour counts our sensitivity analysis suggests 1 hour counts and 2 hour counts are both 
good estimators of 12-hour counts.  For the 43 counts of 12 hours or more we found that peak-
hour counts during three intervals (4-5pm, 5-6pm, and 4-6pm) were nearly equal predictors of 
12-hour counts. 
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Summary statistics 
 
Characteristics of Count Locations 2007-2009 
 
After compiling the master list of locations that were manually counted from 2007 to 2009, the physical 
characteristics of each location that might affect non-motorized traffic were analyzed.  These 
characteristics include presence of bike infrastructure (i.e. bike lanes), whether a bus line runs on the 
street or not, and the functional class of the road. The map on page five displays all 240 count locations 
in Minneapolis along with on-street and off-street bicycle infrastructure.    
 
Road and Bike Infrastructure Characteristics 
 
The major factor expected to influence bicycle traffic is the presence of bicycle infrastructure such as a 
bicycle lane or an off-street path.  The City of Minneapolis Department of Public Works characterizes 
bicycle infrastructure into 4 categories: 1-way bike lane, 2-way bike lane, marked shared lane or 
“sharrows”, and none (Table TM1.1).  Off-street bike infrastructure includes count locations marked as 
“Trail” by public works and other off-street bike infrastructure such as bike bridges.    
 
Seventy percent of count locations do not occur on streets with bike infrastructure.  In many cases these 
counts are located on blocks adjacent to current bike lanes.  As the table below shows, very few count 
locations occurred on streets with shared bike lanes.1

 

  Since the majority of 1-way bike lanes are on 
streets that are 1-way, it is suggested that further analysis considers 1-way, 2-way, and shared bike 
lanes as one category labeled on-street bike infrastructure. 

In addition to the presence of a bike lane, functional class of the road was analyzed for each count 
location.  The hypothesis is that roads with heavier traffic will have lower numbers of cyclists, all things 
being equal.  Functional classes are determined by the Metropolitan Council and are based on expected 
daily traffic and type of use (see Appendix A). The functional class for Minneapolis streets’ was obtained 
from the Minneapolis Department of Public Works.  Functional classes were grouped into principal 
arterial, A-minor, B-minor, major collector, and local.  They are ordered from most used to least used 
(based on design volumes).  Examples of A-Minor roads include Franklin Ave, Lyndale Ave, and other 
similarly sized roads.  Major Collectors include 38th Street and 1st Ave S.   B-Minor roads include Nicollet 
Ave (South of downtown) and 26th Street.  Trails are count locations that do not correspond to a specific 
roadway such as the Midtown Greenway or pedestrian bridges.  Off-street facilities that are adjacent to 
the roadway such as the West River Parkway were counted under the adjacent roadway’s functional 
class.   
 
The count locations by functional class are shown below in Table TM1.1.  One-third of all count locations 
occurred on A-minor roads of which two-thirds did not have any bicycle infrastructure.   Fifteen percent 
of count locations were on B-minor streets, 18 percent were on local roads, and 20 percent were on 
major collectors.  Principal arterials were the location for only three counts.  There were 29 trail 
locations that did not have a corresponding road.   These included off-street bicycle paths as well as 
pedestrian and bicycle bridges. 
 
                                                           

1 Hennepin Ave currently has sharrows but the counts conducted on Hennepin Ave occurred when the street was a 
2-way bike lane.  Counts on Hennepin were included under the on-street category.     
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Table TM1.1.  Count Location Breakout by Bicycle Infrastructure 

BIKE LANE 
Count 

Locations 
Principal 
Arterial A-Minor B-Minor Local Collector Trail 

None 164 3 66 20 36 39 0 
On-Street 
Bike Lane 39 0 11 16 5 7 0 

Off-Street 33 0 2 0 0 2 29 

Shared lane 4 0 0 0 3 1 0 

Total 240 3 79 36 44 49 29 
 
Bus Characteristics 
 
The existence of a bus line on the street that the count location occurred was also considered.  Table 
TM1.2 shows the breakout of bus access by count location cross tabulated with roadway functional 
class.  The table shows that as roads become smaller by functional class, they are less likely to have a 
bus route on them.  Ninety percent of count locations that are on A-minor roads have at least one bus 
line while only 20 percent of count locations on local roads have a bus line.  However, the majority of 
count locations occurred on streets with a bus line.  Sixty-one percent of count locations are on streets 
with at least one bus line.  Of these 143 count locations on a bus line, 50 percent are on A-minor streets.  
Of the 97 count locations without a bus line, 36 percent are on local streets.  Excluding the 29 trail 
locations, fifty-one percent of all the count locations without a bus route are on local streets.        
 

Table TM1.2.  Bus Access by Road Infrastructure 

ROUTE TYPE 

Count 
Locations 

Has a Bus 
Route 

No Bus 
Route 

Percent with 
Bus Route 

Principal Arterial 3 2 1 66% 

A-Minor 79 71 8 90% 

B-Minor 36 29 7 81% 

Collector 49 32 17 65% 

Local 44 9 35 20% 

Trail 29 0 29 0% 

Total 240 143 97 61% 



5 

 
Figure TM1.1. Spatial extent of count locations in Minneapolis (n = 240). 
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Access to bus transportation is a function of proximity to bus lines but it is also influenced by the 
number of bus lines available.  These data were further broken out by the number of bus lines at each 
count location (TM1.3).   The table shows that count locations are typically not located on streets with 
many bus lines.  A quarter of all count locations had only one bus route and 40 percent had only one or 
two routes.  The highest locations, located on Marquette and 2nd Avenue, had 64 bus lines each but 
these numbers reflect changes in bus routing in 2009 that were not in effect when the counts were 
made on Marquette and 2nd.  At the time of the counts, the number of bus lines on Marquette and 2nd 
was significantly lower.      
 

Table TM1.3.  Breakout by bus service 
Number of 
Bus Routes 

Count 
Locations 

Percent of 
Total 

None 97 40% 
1 59 25% 
2 34 15% 
3 11 5% 

4 – 10 23 10% 
11 – 20 8 3% 
21 – 34 6 3% 

64 2 1% 
Total 240 100% 

 
Count Data by Count Location Characteristics 
 
Summary statistics have been calculated for the count locations by location type in the format shown in 
the tables below.  The analysis focuses specifically on 12-hour counts from 6:30am – 6:30pm.  This is the 
focus because these counts were the longest continuous counts recorded in sufficient numbers for 
regression analysis (see Daily and Seasonal Patterns below).   
 
Table TM1.4 displays the breakdown of counts by number of hours counted.  2-hour peak counts (4-
6pm) are the majority type of count.  The 12-hour counts include all counts that had uninterrupted 
counts from 6:30am – 6:30pm.  Other counts are neither 2-hour peak nor 12-hour counts.        
 

Table TM1.4. Counts by Number of Hours Counted 
 2 Hour Peak (4-6pm) 12 Hour Count  Other Total 

Number of 
Counts 352 43 90 458 

 
The following table (TM1.5) analyzes 12 hour bicycle counts by type of bike infrastructure for the 43 12-
hour counts.  The type of bike infrastructure that has the largest bicycle use is on-street bike lanes with 
a 12-hour average of 625 bicyclists.  After on-street bike lanes, off-street trails are the most used with an 
average 12-hour use of 584 bicyclists.  There was only one 12-hour count on a shared bike lane.  The 
average counts for off-street and on-street bicycle infrastructure locations are significantly different 
than locations without bike infrastructure (p < 0.05) indicating that bike infrastructure has a significant 
effect on bicycle traffic.   The results tables for significance testing are presented in Appendix B.   
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Table TM1.5.  12-hour Bicycle Counts (6:30am – 6:30pm) 

Twelve Hour 
Actual Counts 

Off-Street 
(Trails) 

On-Street 
Bike Lane 

Shared 
Lane2 None  All 

Count 6 10 1 26 43 
Maximum 1,005 1,157 71 901 1,157 
Mean 584* 625* 71 215 358 
Median 642 541 71 202 247 
Minimum 229 240 71 13 13 
Average 
Hourly 49 52 6 18 30 

*Statistically significant difference from no bike infrastructure mean (p<0.05) 
 
Table TM1.6 below displays bicycle counts by bike infrastructure for actual 12-hour counts and 
estimated 12-hour counts.  Twelve hour estimates for counts less than 12 hours were calculated based 
on the scaling factors developed from the above 43 12-hour counts (see the Daily and Seasonal Patterns 
section).  These counts have slightly different results than the 43 actual counts.  For these counts, the 
most used facility is off-street facilities followed by on-street bike lanes and shared lanes.  All three 
types of bike infrastructure have significantly more bike traffic than locations without bike 
infrastructure.  On average, count locations on streets without any bike infrastructure have less use than 
streets with bike infrastructure.  Off-street facilities recorded the most use with an average of 70 
bicyclists per hour.    
 

Table TM1.6.  12-hour Estimated and Actual Bicycle Counts (6:30am – 6:30pm) 
Twelve Hour 

Estimated and 
Actual Counts 

Off-Street  On-Street 
Bike Lane Shared Lane None All 

Count 100 81 5 272 458 
Maximum 6,701 3,138 964 3,394 6,701 
Mean 837* 566* 450* 362 502 
Median 770 301 395 220 269 
Minimum 20 41 71 0 0 
Average 
Hourly 70 47 38 30 42 

*Statistically significant from no bike infrastructure mean (p<0.05) 
 
In addition, these count locations were further characterized by functional class of roadway (Table 
TM1.7).  To simplify the number of categories, 1-way bike lanes, 2-way bike lanes, and shared lanes 
were combined into on-street bike facility.  Since trails do not have a corresponding road, they were 
eliminated from this analysis.  There are two bike infrastructure classes (on-street and none) and five 
roadway functional classes (Principal Arterial, A-Minor, B-Minor, Collector, and Local) resulting in ten 
categories.  Summary statistics for these ten categories are shown below for bicycle and pedestrian 
counts separately.  The counts included are actual 12-hour counts as well as estimated 12-hour counts.   
 

                                                           

2 Does not include Hennepin Ave 12-hour counts.  These are included in on-street bike lane. 
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Each functional class shows markedly more use when there is an on-street bike lane.  The roads used 
the most for bicyclists are A-minor roads with bike lanes.  These roads have an average 12-hour count of 
776 bicyclists.  A-minor roads without bike lanes average 430 bicyclists over 12 hours.  The difference in 
use for A-Minor and B-Minor roads with and without bike lanes is statistically significant.  The difference 
is not statistically significant for bike lanes on collector and local roads.  Bicycle use is less at count 
locations on smaller functional class roads such as collector and local roads.  Overall, count locations 
with bike lanes average 579 bicyclists while count locations without bike lanes average 362 bicyclists 
which is a statistically significant difference. 

 
Table TM1.7.  Summary Bicycle Counts by Functional Class 

 Roadway 
Functional 
Class 

Bike 
Lane Count Maximum Mean Median Minimum 

Average 
Hourly 

Principal 
Arterial 

On-
Street N/A N/A N/A N/A N/A N/A 

None 6 248 178 213 12 15 

A-Minor 
On-

Street 17 1,909 776* 810 212 65 

None 145 3,393 430 246 0 36 

B-Minor 
On-

Street 48 3,138 605* 277 53 50 

None 27 578 178 142 47 15 

Collector 
On-

Street 16 1,412 422 238 41 35 

None 42 1,701 374 232 24 31 

Local 
On-

Street 11 964 387 395 71 32 

None 52 1,029 277 196 13 23 

Total 
On-

Street 92 3,138 579* 349 41 48 

None 272 3,394 362 220 0 30 
*Statistically significant difference from no bike infrastructure (p< 0.05) 

 
Pedestrian counts have also been analyzed according to roadway functional class (Table TM1.8).  The 
most pedestrian traffic is seen on collector roads with a twelve hour average of 1,447 pedestrians.  The 
next heaviest use is on A-minor roads.  Unlike with bicyclists, pedestrian traffic does not decline as the 
street becomes smaller (except for local streets).  However, this comes with a caveat.  The collector 
traffic is skewed by high reported traffic near the University of Minnesota and in downtown 
Minneapolis.  In fact, the median amount of pedestrians for count locations on collector roads is less 
than the median for count locations on A-minor roads.  Pedestrian use is far less on local roads which 
could indicate a lack of destinations such as retail on these smaller roads.  These results are similar to 
the characteristics shown by the bicycle count data.       
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Table TM1.8.  Summary Pedestrian Counts by Functional Class 
Twelve Hour Actual 

and Estimated Counts 
Principal 
Arterial A-Minor B-Minor Collector Local Total 

Count 6 160 72 58 63 359 

Maximum 150 18,153 6,230 13,424 1,476 18,153 

Mean 87 1,005 939 1,447 355 934 

Median 86 674 315 461 230 443 

Minimum 36 0 43 4 0 0 

Average Hourly 7 84 78 121 30 78 

 
The actual and estimated bus and pedestrian counts were also analyzed with respect to bus access.  For 
both bicycle and pedestrian counts, counts were grouped into those that occurred on roads that had a 
bus line and those that didn’t.  In addition, trails were included.  Table TM1.9 displays the results of this 
analysis for bicycle counts.  Fifty-nine percent of bicycle counts occurred on streets with a bus line while 
94 counts occurred on off-street trails.  Again, the highest use is shown on trails.  However, Table TM1.9 
does show a statistically significant greater use on streets with a bus route compared to streets without 
a bus route.    
 

Table TM1.9.  Summary Bike Counts by Presence of a Bus Line 
Twelve Hour Actual 

and Estimated Counts 
On Bus 
Route None Trail 

Count 270 94 94 

Maximum 3,394 1,701 6,701 

Mean 438* 355 836* 

Median 248 214 770 

Minimum 0 12 20 

Average Hourly 37 30 70 
   *Statistically significant from no bus route mean (p<0.05) 
 
Pedestrian counts similarly show higher levels at locations with a bus line but the effect is more 
pronounced.  Fifty-eight percent of pedestrian counts occurred on streets with at least one bus line.  The 
average 12-hour pedestrian count for locations with a bus line is almost twice that of locations without a 
bus line.  Interestingly, off-street trails display the lowest pedestrian counts at 440.  Their physical 
distance from other destinations could account for this low use from pedestrians.  The difference 
between the average of count locations on a bus line and the average of count locations not on a bus 
line is statistically significant but not for the trail average.     
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Table TM1.10.  Summary Pedestrian Counts by Presence of a Bus Line 
Twelve Hour 

(6:30am – 6:30pm) 
On Bus 
Route None Trail 

Count 265 94 94 

Maximum 18,153 8,492 14,779 

Mean 1,071* 547 440 

Median 552 230 114 

Minimum 0 0 0 

Average Hourly 89 46 37 

*Statistically significant from no bus route mean (p<0.05) 
 

Tables TM1.11 and TM1.12 break out bicycle and pedestrian counts by presence of a bus line and 
roadway functional class to discern variation in the difference a bus line makes in bicycle traffic 
according to the street type.  Table TM1.11 below shows that the difference for bicycle activity is 
significant on A-Minor roads.  However on smaller roads, the difference is negligible.  On collector roads, 
in fact, the difference is significantly negative.  Bike traffic on local roads with and without bus lines is 
nearly identical.   

 
Pedestrian counts have similar characteristics to bicycle counts in these tables but the effect of a bus 
line is stronger for pedestrian counts.  Count locations on a bus line have significantly higher average 
counts than locations without bus lines for both A-Minor and B-Minor roads.  On collector and local 
roads, pedestrian counts are similar with or without a bus line.  

 
Table TM1.11. Summary Bicycle Counts by Functional Class and Presence of a Bus Line 

Roadway 
Functional 

Class 
Bus 
Line Count Maximum Mean Median Minimum 

Average 
Hourly 

Principal 
Arterial 

Yes 5 248 232 212 134 19 

No 1 12 12 12 12 1 

A-Minor 
Yes 149 3,394 494* 313 0 41 

No 13 330 147 146 24 12 

B-Minor 
Yes 63 3,138 466 195 47 39 

No 12 899 372 248 128 31 

Collector 
Yes 38 1,034 255* 186 24 21 

No 20 1,701 639 584 53 53 

Local 
Yes 15 793 296 210 24 25 

None 48 1,029 296 207 13 25 

Total 
Yes 270 3,394 438* 248 0 37 

None 94 1,701 355 214 12 30 
*Statistically significant from “No” mean for same functional class (p<0.05) 
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Table TM 1.12. Summary Pedestrian Counts by Functional Class and Presence of a Bus Line 

Roadway 
Functional 

Class 
Bus 
Line Count Maximum Mean Median Minimum 

Average 
Hourly 

Principal 
Arterial 

Yes 5 110 74 75 36 6 

No 1 150 150 150 150 13 

A-Minor 
Yes 147 18,153 1,071* 703 0 89 

No 13 1,122 272 186 13 23 

B-Minor 
Yes 60 6,230 1,055* 315 43 88 

No 12 800 359 325 61 30 

Collector 
Yes 38 13,424 1,512 397 4 126 

No 20 8,492 1,325 497 35 110 

Local 
Yes 15 1,003 359 367 44 30 

None 48 1,476 353 224 0 29 

Total 
Yes 265 18,153 1,071* 552 0 89 

None 94 8,492 547 230 0 46 
*Statistically significant from “No” mean for same functional class (p<0.05) 
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Daily and seasonal patterns 
 
Daily and seasonal patterns were investigated using two data sets: (1) bicycle loop detector counts from 
the Midtown Greenway and (2) the TLC and City of Minneapolis manual counts (includes data from 
multiple facility types).  The hourly temporal patterns observed from each data set were then compared 
to observe any differences between facility types or count methods. 
  
Hourly patterns in pedestrian and bicycle counts were analyzed for counts that were 12 hours or more 
per day in length for the combined TLC and City of Minneapolis dataset.  This resulted in 7 days (see 
below) and 43 separate counts.  The hourly traffic patterns were then compared to data from the 3 loop 
detectors on the Midtown Greenway for the same days. 
 

• 2007: September 11, 18, 19, 26 
• 2008: August 20, September 9 
• 2009: September 15 

 
Normalization of counts 
 
To make this comparison each count was normalized to a common unit.  We chose the 12-hour count 
(6:30-18:30) as the basis for normalization (this time interval was chosen because it was the longest 
period of time for which a significant amount of manual count data was available across location types).  
The result is a curve that shows each 30-minute count period as a percentage of the total 12-hour count.  
 
The normalized curves were averaged by time of day (each 30-minute period) to create a representative 
daily curve.  This process was repeated for (1) bicycle loop detector Midtown-Greenway data, (2) bicycle 
manual count data, and (3) pedestrian manual count data.  Figure TM1.2 shows these curves plotted 
together to compare hourly patterns (see Appendix C for individual, normalized plots). 
 
Our analysis suggests that hourly patterns for bicycles track well between the two data sets (loop 
detector and manual counts).  Both of these data sources show morning and afternoon peaks with 
similar magnitudes.  The Midtown Greenway has a slightly larger afternoon peak (than the manual 
bicycle counts across multiple locations) which may be due to elevated recreational uses during that 
period of the day.  This suggests that using Midtown Greenway data to scale short manual counts may 
be reasonable for bicycles.   Pedestrian hourly patterns do not track well with either of the bicycle count 
patterns.  Pedestrian traffic seems to increase consistently throughout the day with three distinct peaks: 
morning, noon-hour, and afternoon. 
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Figure TM1.2.  Hourly bicycle (manual and loop detector) and pedestrian (manual only) count patterns.  

All 30-minute counts are normalized to a percentage of the 12-hour count (6:30-18:30). 
 
Hourly scale factors 
 
Hourly scale factors were calculated from 7am-6pm for the manual count data.  A scale factor is a 
multiplier used to estimate near full day counts (e.g., 12-hour counts) from short counts (e.g., 1-or 2-
hour counts).  The scaling factors shown here scale hourly and bi-hourly counts to 12-hour counts (6:30-
18:30).  For example, a count of 10 bicyclists from 8-9am would be multiplied by ~10.7 (see Table 
TM1.13) to estimate a 12-hour count of 107.  Scaling factors for pedestrians are generally largest during 
morning hours while they are largest for bicycles in the late morning and early afternoon.  This highlights 
the fact that pedestrian and bicycle behavior is not consistent during the day.  All 1-hour scaling factors 
are shown in Table TM1.13 and 2-hour scaling factors are shown in Table TM1.14 (along with the share 
of 12-hour flow). 
 
The strength of correlation between 1- and 2-hour counts and the total 12-hour count (shown by the R2 
value in Tables TM1.13 and TM1.14) were calculated for each 1- and 2-hour period of the day.  This 
calculation yields insight into the relative confidence the data gives for the scale factor during each time 
period (high confidence is given by values closest to 1).  For example, we have more confidence in the 4-
5pm scaling factor for bicycles (R2 = 0.93) than the noon-1pm scaling factor (R2 = 0.77). 
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Table TM1.13.  Hourly scaling factors for the manual count data to 12-hour counts (6:30-18:30) 
  Bicycle Pedestrian 

Time 
period 

Percent of 
12-hour 
count 

Scale 
factor R2 

Percent of 
12-hour 
count 

Scale 
factor R2 

7-8am 7.5% 13.2 0.88 6.9% 14.5 0.91 
8-9am 9.3% 10.7 0.90 5.3% 18.7 0.96 
9-10am 7.8% 12.9 0.89 6.1% 16.4 0.97 
10-11am 6.4% 15.6 0.89 5.9% 16.8 0.96 
11-noon 5.9% 16.9 0.87 9.2% 10.9 0.99 
noon-1pm 5.2% 19.1 0.77 9.7% 10.3 0.99 
1-2pm 7.2% 14.0 0.88 8.7% 11.5 0.99 
2-3pm 7.5% 13.3 0.84 8.8% 11.4 0.98 
3-4pm 9.3% 10.8 0.90 7.8% 12.8 0.98 
4-5pm 12.0% 8.4 0.93 10.4% 9.6 0.97 
5-6pm 12.6% 7.9 0.89 12.3% 8.2 0.996 

 
Table TM1.14.  Bi-hourly scaling factors for the manual count data to 12-hour counts (6:30-18:30) 

  Bicycle Pedestrian 

Time 
period 

Percent of 
12-hour 
count 

Scale 
factor R2 

Percent of 
12-hour 
count 

Scale 
factor R2 

7-9am 16.9% 5.9 0.94 12.2% 8.2 0.95 
8-10am 17.1% 5.8 0.93 11.4% 8.7 0.99 
9-11am 14.1% 7.1 0.93 12.0% 8.3 0.98 
10-noon 12.3% 8.1 0.91 15.1% 6.6 0.99 
11-1pm 11.2% 9.0 0.86 18.8% 5.3 0.99 
noon-2pm 12.4% 8.1 0.88 18.4% 5.4 0.99 
1-3pm 14.7% 6.8 0.92 17.5% 5.7 0.99 
2-4pm 16.8% 6.0 0.91 16.6% 6.0 0.98 
3-5pm 21.2% 4.7 0.97 18.2% 5.5 0.98 
4-6pm 24.6% 4.1 0.92 22.6% 4.4 0.99 

 
 
Seasonal patterns 
 
Seasonal trends were only analyzed for the Midtown Greenway loop detector data due to data 
availability.  Manual count data was limited to a small number of locations over about 1 year and thus 
only loop detector data is shown here.  Figure TM1.3 shows average daily traffic by month for each loop 
detector site during 2007-2009. 
 
Monthly scaling factors for the Midtown Greenway are shown in Figure TM1.4.  For each month the 
average daily count was divided by the average daily count in December of the same year.  This 
calculation shows that monthly traffic on the Midtown Greenway increases by a factor of 15-30 during 
the summer months (as compared to winter months).  The absolute value of the scaling factors changes 
by location but the overall seasonal pattern seems to hold across all locations (for the Midtown 
Greenway only). 
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Figure TM1.3. Average daily traffic for each loop detector site on the Midtown Greenway (note: 

Hennepin Ave detector was broken from January 2009 – October 2009). 
 

 
Figure TM1.4. Monthly scaling factors for each loop detector on the Midtown Greenway as compared to 

December of each (note: Hennepin Ave detector was broken from January 2009 – October 2009). 
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In addition to monthly patterns we also explored differences between weekdays and weekends.  To do 
this, the ratio of average daily weekend bicycle traffic compared to average daily weekday bicycle traffic 
was calculated for each month (see Figure TM1.5).  We found that this ratio rarely exceeds 2 and is 
usually near 1.5.  This may suggest that there is a heavy utilitarian-use population on this section of the 
Midtown Greenway.  This pattern may or may not be observed for other trails (e.g., Lake Calhoun, Lake 
Harriet, or Mississippi River trails) where a larger share of the overall traffic is recreational.  

 
Figure TM1.5.  Weekend/Weekday ratios for daily bicycle counts on the Midtown Greenway (note: 

Hennepin Ave detector was broken from January 2009 – October 2009). 
 
 
Sensitivity analysis of peak-hour counts 
 
To evaluate the importance of peak-hour count length a sensitivity analysis was employed to determine 
which hours (or combinations of hours) are the best predictor of 12-hour counts.  We used three 
different time periods to answer this question for peak flow: (1) 4-6pm, (2) 4-5pm, and (3) 5-6pm.  
Figures TM1.6 and TM1.7 show predicted vs. actual bicycle and pedestrian counts for each of the 43 
manual 12-hour counts.  The predicted counts are based on the three different peak-hour time intervals.  
Using 4-6pm count data was the best predictor for both pedestrians and bicycles in this data set.  
However, 1-hour counts (4-5pm and 5-6pm) were also good predictors of 12-hour counts.  This suggests 
that 1-hour counts could be used to estimate 12-hour counts with only slightly less certainty than 2-hour 
counts.  This is meaningful because data collectors could choose to deploy a counter for shorter periods 
of time and only take a minor penalty to scaling accuracy.  More near full day counts (12-24 hours) at a 
variety of location types would allow for a more robust analysis of this tradeoff. 
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Figure TM1.6.  Bicycle 12-hour count predictions (n=43) from peak hour measures for hourly (dashed 

lines) and bi-hourly (solid lines) counts. 

 
Figure TM1.7.  Pedestrian 12-hour count predictions (n=43) from peak hour measures for hourly 

(dashed lines) and bi-hourly (solid lines) counts. 
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We also investigated the difference between scale factors calculated for the Midtown Greenway (loop 
detector) and the manual bicycle count data (43 locations; Tables TM1.13 and TM1.14).  The purpose of 
this calculation was to determine when the scale factors diverged most and how this would affect using 
the Midtown Greenway data to scale non-loop detector data (i.e., manual counts at other facility types).    
In general traffic counts are smaller for the manual count locations (than loop detector data) during 
peak hours (both morning and afternoon) and larger during mid-day (see Figure TM1.8).  This is likely 
the result of more recreational use on off-street facilities than on-street facilities.  More analysis is 
needed to determine the appropriateness of using temporal patterns from off-street facilities to scale 
on-street counts.  Figure TM1.8 shows the percent difference for scaling factors (for 30 minute time 
periods) derived from the manual count data versus the loop detector from the Midtown Greenway. 
 

 
Figure TM1.8. Difference between manual counts and loop detector (Midtown Greenway) counts (unit: 

percent difference in 30 minute scale factors for 12-hour counts). 
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Appendix A: Functional Class Designations 
 
Roadway functional classes are designated by the Metropolitan Council and consist of four 
classifications: principal arterials, minor arterials, collectors, and local streets.  The functional classes are 
determined based on the type of trips the road serves as well as the average daily traffic for the road.  
The range of vehicles carried daily for each functional class is shown below: 
 

• Principal Arterial (15,000 to 100,000 vehicles daily) 
• A-Minor (5,000 to 30,000 vehicles daily 
• B-Minor (5,000 to 30,000 vehicles daily) 
• Collector (1,000 to 15,000 vehicles daily) 
• Local (<1,000 vehicles daily) 

 
Note: These figures are estimates.  Actual road traffic on a specific road segment could vary from these 
ranges. 
 
Additional information on Metropolitan Council functional road classifications can be found 
here: http://www.metrocouncil.org/planning/transportation/FuncRdwyClass/Definitions.htm 
  

http://www.metrocouncil.org/planning/transportation/FuncRdwyClass/Definitions.htm�
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Appendix B: Hypothesis Testing Results 
 
Below are the output tables for hypothesis testing on tables TM1.5-TM1.12.  These results were used to 
determine whether differences in columns were statistically significant.  In each case, the mean for the 
column or row was tested against the "none" mean.  Bold values are significant.  
 
Table TM1.5 Results 

  
On-Street 
Bike Lane None 

 
   

Off-Street Bike 
Facility None 

Mean 625 215 
 

Mean 584 215 
Variance 99,397 40,645 

 
Variance 83,487 40,645 

Observations 10 26 
 

Observations 6 26 
Hypothesized Mean 
Difference 0 

  

Hypothesized 
Mean Difference 0 

 Df 12 
  

Df 6 
 t Stat 3.825 

  
t Stat 2.97 

 P(T<=t) one-tail 0.001 
  

P(T<=t) one-tail 0.01 
 t Critical one-tail 1.78 

  
t Critical one-tail 1.94 

  
  
Table TM1.6 Results 

  
Off-Street 

Bike Facility None 
 

  
On-Street Bike 

Facility None 
Mean 837 362 

 
Mean 566 362 

Variance 697789 161917 
 

Variance 425124 161917 
Observations 100 272 

 
Observations 81 272 

Hypothesized Mean 
Difference 0 

  

Hypothesized 
Mean Difference 0 

 df 116 
  

df 99 
 t Stat 5.46 

  
t Stat 2.68 

 P(T<=t) one-tail <0.001 
  

P(T<=t) one-tail 0.004 
  

 
  Shared Lane None 

Mean 704 362 
Variance 162428 161917 
Observations 9 272 
Hypothesized Mean 
Difference 0  
df 9  
t Stat 2.51  P(T<=t) one-tail 0.02  
t Critical one-tail 1.83  
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Table TM1.7 Results 
 A-Minor Locations Bike Lane None 

 
 A-Minor Locations Bike Lane None 

Mean 776 430 
 

Mean 776 430 
Variance 245352 226299 

 
Variance 245352 226299 

Observations 17 145 
 

Observations 17 145 
Hypothesized Mean 
Difference 0 

  

Hypothesized Mean 
Difference 0 

 df 16 
  

df 16 
 t Stat 2.74 

  
t Stat 2.74 

 P(T<=t) one-tail 0.01 
  

P(T<=t) one-tail 0.01 
 t Critical one-tail 1.72 

  
t Critical one-tail 1.72 

  
Collector Roads Bike Lane None 

 
Local Roads Bike Lane None 

Mean 422 374 
 

Mean 387 277 
Variance 213598 123455 

 
Variance 63878 68439 

Observations 16 42 
 

Observations 11 52 
Hypothesized Mean 
Difference 0 

  

Hypothesized Mean 
Difference 0 

 df 22 
  

df 15 
 t Stat 0.37 

  
t Stat -1.29 

 P(T<=t) one-tail 0.36 
  

P(T<=t) one-tail 0.11 
 t Critical one-tail 1.72 

  
t Critical one-tail 1.75 

  
All Street Types Bike Lane None 

Mean 579 362 
Variance 400088 161917 
Observations 92 272 
Hypothesized Mean 
Difference 0 

 df 117 
 t Stat 3.09 
 P(T<=t) one-tail <0.001 
 t Critical one-tail 1.66 
  

Table TM1.9 Results 
  Bus Line None 

 
  Trail None 

Mean 438 355 
 

Mean 836 355 
Variance 265282 125719 

 
Variance 728597 125719 

Observations 270 94 
 

Observations 94 94 
Hypothesized Mean 
Difference 0 

  

Hypothesized Mean 
Difference 0 

 df 236 
  

df 124 
 t Stat 1.71 

  
t Stat 5.04 

 P(T<=t) one-tail 0.04 
  

P(T<=t) one-tail <0.001 
 t Critical one-tail 1.65 

  
t Critical one-tail 1.66 
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Table TM1.10 Results: 
  Bus Line None 

 
  Trail None 

Mean 1071 547 
 

Mean 440 547 
Variance 3831858 1076946 

 
Variance 2541079 1076946 

Observations 265 94 
 

Observations 94 94 
Hypothesized 
Mean Difference 0 

  

Hypothesized Mean 
Difference 0 

 Df 305 
  

Df 160 
 t Stat 3.26 

  
t Stat -0.54 

 P(T<=t) one-tail <0.001 
  

P(T<=t) one-tail 0.29 
 t Critical one-tail 1.65 

  
t Critical one-tail 1.65 

  
Table TM1.11 Results 

A-Minor Roads Bus Line None 
 

B-Minor Roads Bus Line None 
Mean 494 147 

 
Mean 466 372 

Variance 248762 7045 
 

Variance 479711 90611 
Observations 149 13 

 
Observations 63 12 

Hypothesized Mean 
Difference 0 

  

Hypothesized Mean 
Difference 0 

 Df 113 
  

Df 38 
 t Stat 7.37 

  
t Stat 0.76 

 P(T<=t) one-tail <0.001 
  

P(T<=t) one-tail 0.23 
 t Critical one-tail 1.66 

  
t Critical one-tail 1.69 

 
       Collector Roads Bus Line None 

 
Local Roads  Bus Line None 

Mean 255 639 
 

Mean 296 297 
Variance 45163 246848 

 
Variance 55088 73745 

Observations 38 20 
 

Observations 15 48 
Hypothesized Mean 
Difference 0 

  

Hypothesized Mean 
Difference 0 

 Df 23 
  

Df 27 
 t Stat -3.3 

  
t Stat 0 

 P(T<=t) one-tail 0.002 
  

P(T<=t) one-tail 0.5 
 t Critical one-tail 1.71 

  
t Critical one-tail 1.7 
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Table TM1.12 Results: 
A-Minor Roads Bus Line None 

 
B-Minor Roads Bus Line None 

Mean 1071 272 
 

Mean 1055 359 
Variance 3879245 94247 

 
Variance 2589272 72058 

Observations 147 13 
 

Observations 60 12 
Hypothesized Mean 
Difference 0 

  

Hypothesized Mean 
Difference 0 

 Df 124 
  

Df 69 
 t Stat 4.36 

  
t Stat 3.14 

 P(T<=t) one-tail <0.001 
  

P(T<=t) one-tail 0.001 
 t Critical one-tail 1.66 

  
t Critical one-tail 1.67 

 
       Collector Roads Bus Line None 

 
Local Roads Bus Line None 

Mean 1,512 1,325 
 

Mean 359 353 
Variance 7337168 4069344 

 
Variance 72026 115846 

Observations 38 20 
 

Observations 15 48 
Hypothesized Mean 
Difference 0 

  

Hypothesized Mean 
Difference 0 

 Df 49 
  

Df 29 
 t Stat 0.3 

  
t Stat 0.06 

 P(T<=t) one-tail 0.38 
  

P(T<=t) one-tail 0.47 
 t Critical one-tail 1.68 

  
t Critical one-tail 1.7 
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Appendix C: Normalized 12-hour counts 
 

1. Select applicable data 
a. Pulled all 43 manual count observations that had 12-hours or more of data and included 

full data from 6:30am – 6:30pm. 
b. Pulled 15-minute interval data from the 3 loop detectors on the Midtown Greenway for 

each day there was a manual count observation. 
i. Aggregated the loop detector data to 30-minute intervals. 

2. Normalize each count observation 
a. Normalized each count observation (or day of loop detector data) by dividing each 30-

minute interval by the 12-hour count (6:30am – 6:30pm) for that observation. 
b. Yields a percent of 12-hour count for each 30-minute period for each count observation. 

3. Deriving an average curve 
a. Averaged each normalized curve across each 30-minute increment to give an ‘average’ 

hourly traffic curve. 
b. We did not weight this ‘average’ curve by level of volume for each count observation.  

Future analysis might include investigating some sort of weighting strategy. 
4. Overlay on similar plot 

a. Show all normalized ‘average’ curves on same plot to investigate patterns by facility 
type or count method. 

b. Curves for each data set (bikes: loop detector; bikes: manual count; pedestrians: manual 
count) are shown below. 
 

 
Figure TM1.C.1. 30-minute loop detector counts normalized by 12-hour counts (6:30-18:30) for the 

Midtown Greenway. 
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Figure TM1.C.2. 30-minute manual bicycle counts normalized by 12-hour counts (6:30-18:30) for 43 

count locations. 

 
Figure TM1.C.3. 30-minute manual pedestrian counts normalized by 12-hour counts (6:30-18:30) for 43 

count locations. 
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Technical Memorandum 2 

 
Date:  May 21, 2010 
 
To:  Tony Hull, Transit for Livable Communities 
  Shaun Murphy, City of Minneapolis Department of Public Works 
 
From: Jason Borah, Steve Hankey, Kristopher Hoff, Brad Utecht, Zhiyi Xu 

University of Minnesota Humphrey Institute of Public Affairs 
 
Subject: Predictive Model for Bicycle and Pedestrian Counts 
 
 
 
 
Purpose 
 
This memo presents exploratory models to predict bicycle and pedestrian counts based on various 
correlates of the built environment, neighborhood sociodemographic characteristics, climate variables 
and road and bicycle facility-related variables.  The goal is to provide the City of Minneapolis and Transit 
for Livable Communities (TLC) with tools to estimate counts at sites where counts have not yet been 
taken. 
 
Expected Uses 
 
These models will be tools to supplement current count methodology.  Their use will allow the City and 
TLC to target specific locations for future counts to ensure that count locations are representative and 
locations of particular interest can be sampled.  Their use can aid in making effective and efficient use of 
count staff and volunteers. 
 
Data and Correlates 
 
Two simple linear regressions were performed using a collection of independent variables: 
sociodemographic and built environment variables, climate variables, and road and bicycle facility-
related variables. Definitions of these variables are presented in Table TM2.1.  
 
The dependent count variables, calculated via scaling factors as explained in Technical Memorandum 1, 
are: 12-hour bicycle count estimates and 12-hour pedestrian count estimates. The number of cases in 
the bicycle model is 447 and in the pedestrian model 442. This is different from the 458 and 453 
estimates calculated from observations described in Technical Memorandum 1 because one block group 
in which eleven counts occurred contained only two households as of the 2000 Census, and was 
eliminated from the dataset. 
 
The sociodemographic data were all retrieved from 2000 United States Census data (Table TM2.1). The 
variables describing race (BlackPct, OtherPct), educational attainment (CollegePct) and age (YngOldPct) 
are simply the percentage of residents of the block group in which the count occurs of certain 
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Table TM2.1 Variables included in bicycle and pedestrian count models and expected effects 

Independent Continuous Variable Mean Units/Notes 

Expected 
Effect on 
Bicycle 
Counts 

Expected 
Effect on 

Pedestrian 
Counts 

Sociodemographic and Built Environment Characteristics of Neighborhoods in Which Count Occurs 

LUMix Measure of acres of retail, office and 
commercial space per housing unit 0.4228 Scale varies from approximately 0 to 5, with 0 

indicating residential areas and 5 indicating CBD Positive Positive 

BlackPct Percentage of neighborhood residents that 
are black 15.83 Neighborhood defined as census block group Negative Negative 

CollegePct Percentage of neighborhood residents with 
a college education 47.15 Neighborhood defined as census block group Positive Positive 

OtherPct Percentage of neighborhood residents of a 
race other than black or white 14.71 Neighborhood defined as census block group Negative Negative 

YngOldPct Percentage of neighborhood residents over 
the age of 65 or under the age of 5 12.48 Neighborhood defined as census block group Negative Positive 

MedIncThd Median household income 36.37 Thousands of dollars Positive Positive 

PopDens Population density 12.60 Persons per acre Positive Positive 

Climate Conditions of Day on Which Count Occurs 

Tmax Recorded high temperature 70.7 Degrees Fahrenheit Positive Positive 

MaxDev Deviation from the average daily high 
temperature 2.7  Uncertain Uncertain 

Precip Recorded precipitation 0.04 Inches Negative Negative 

WindAvg Average recorded wind speed 6.8 Miles per hour Negative Negative 

Independent Dummy Variable Frequency Notes 

Expected 
Effect on 
Bicycle 
Counts 

Expected 
Effect on 

Pedestrian 
Counts 

Characteristics of Road Facility on Which Count Occurs 

Principal Principal arterial 6 Designed for 15,000-100,000 ADT and 40-50 mph N/A Negative 

Arterial Minor arterial 237 Designed for 5,000-30,000 ADT and 35-45 mph N/A Positive 

Collector Major collector 58 Designed for 1,000-15,000 ADT and 30-40 mph N/A Positive 

Local Local street 63 Designed for less than 1,000 ADT and 30 mph N/A Positive 

BusRoute Presence of one or more bus routes  270  Positive Positive 

Bicycle Facility Characteristics on Road on Which Count Occurs 

Principal_Facility Principal arterial with a bicycle facility 0  N/A N/A 

Arterial_Facility Minor arterial with a bicycle facility 65  Positive N/A 

Collector_Facility Major collector with a bicycle facility 16  Positive N/A 

Local_Facility Local street with a bicycle facility 11  Positive N/A 

Principal_NoFacility Principal arterial without a bicycle facility 6  Positive N/A 

Arterial_NoFacility Minor arterial without a bicycle facility 172  Positive N/A 

Collector_NoFacility Major collector without a bicycle facility 42  Positive N/A 

Local_NoFacility Local street without a bicycle facility 52  (Base Case) N/A 

OffStreet Off-street trail or bicycle facility 94  Positive (Base Case) 
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demographic groups. This is presented on a scale of 0 to 100 (as opposed to a scale of 0 to 1) and the 
mean values are the average across all 447 cases. This means that count locations with multiple counts 
are weighted more heavily according to the number of counts performed at each location. MedIncThd 
(median income) and PopDens (population density) are calculated the same way. 
 
LUMix is a land use mixing coefficient that is calculated by dividing the acres of commercial, office, retail, 
institutional and park area zoned land in each block group by the number of housing units. The scale 
naturally varies from zero to approximately five, with zero indicating pure residential areas and five 
indicating an area like a central business district that has large amounts of commercial and retail space 
or parks, but few residences. Industrial and all other zoned areas were not used in this calculation. With 
a mean value of 0.4228, LUMix sees many more values nearer to zero than to five. LUMix is a rough 
proxy for the proximity to destinations for people in households, which theoretically induces bicycle and 
pedestrian activity. 
 
The four weather-related variables, Tmax, MaxDev, Precip and WindAvg, were retrieved from the 
National Weather Service data station in Minneapolis, so the values are the same across all counts for 
each specific date (Table TM2.1). 
 
Of the facility variables used, only BusRoute was used in both models. Road and bicycle facility 
classification was broken down by four road types and the presence of any bicycle facility, creating eight 
variables. Since it is hypothesized that the presence of a bicycle facility would not affect pedestrian 
counts, these were aggregated into only the four road classifications. To avoid perfect collinearity 
between dependent variables, Local_NoFacility and OffStreet were dropped from the bicycle and 
pedestrian regressions, respectively, and used as the base cases to which the other variables can be 
compared. These variables were chosen to be dropped because they were hypothesized to be the 
conditions that would carry the lowest bicycle and pedestrian traffic. Since there are no principal 
arterials with bicycle facilities among the count locations, this variable also dropped out of the model. 
 
Also presented in Table TM2.1 is the expected effect of each variable on bicycle and pedestrian counts. 
These do not require extensive explanation, with a few exceptions. First, the expected sign on YngOldPct 
is negative for bicycles and positive for pedestrians because this variable is a rough proxy for proportions 
of the population that are less mobile and therefore higher values of this variable could indicate areas 
with higher pedestrian activity within short walking distance, but likely lower bicycle activity. 
 
Second, the expected sign on MedIncThd is positive for both models, despite the fact that it is 
hypothesized that non-motorized transportation activity drops off at very high income levels. It may be 
appropriate to include a squared term for median income in future versions of the model, but it is not 
included here and the general trend on income is expected to be positive. 
 
Third, MaxDev is listed as uncertain simply because it is unclear what effect above or below average 
temperatures would have on non-motorized transportation. The direction of effect would likely depend 
on the magnitude of the average temperature and people’s expectations, so this variable may not be 
significant, but still warrants analysis. 
 
Finally, Principal has an expected negative sign for pedestrians, as principal arterials often have 
inadequate sidewalks. Even without bicycle facilities, however, Principal is expected to be positive with 
respect to local roads with no bicycle facilities. 
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Preliminary Regression Results 
 
12-hour bicycle counts were first regressed on twenty of the independent variables. These include the 
street classification variables disaggregated by bicycle facility presence. The base case for this regression 
is local roads with no bicycle facility, so all other facility variables can be interpreted in comparison to 
this case. An adjusted R2 value of 0.245 was obtained, indicating that about 25% of the variation in 
bicycle counts can be explained by the independent variables. 
 
12-hour pedestrian counts were then regressed on sixteen of the independent variables. These include 
the non-disaggregated street classification variables, as it was hypothesized that the presence of a 
bicycle facility has little effect on pedestrian usage. The base case for this regression is off-street trails, so 
all other facility variables can be interpreted in comparison to this case. An adjusted R2 value of 0.275 
was obtained, indicating that about 28% of the variation in pedestrian counts can be explained by the 
independent variables. 
 
Table TM2.2 presents the results of both regressions. The table can be interpreted thusly. The beta value 
for each independent variable indicates the magnitude of effect that variable will have on the dependent 
variable, either 12-hour bicycle counts or 12-hour pedestrian counts. For instance, a beta value of 5.398 
for CollegePct indicates that an increase of one in the college-educated percentage of a block group will 
result in an increase of approximately five bicycles over the 12-hour period. This may not seem like 
much, but consider it in another way. Setting all other parameters equal, a block group with a thirty 
percent college-educated population is expected to have 54 more bicycles than a block group with a 
twenty percent college-educated population on an average day. For neighborhoods with low count 
volumes, this can represent a fairly large effect. 
 
The t-statistic and significance columns are related to each other in that a t-statistic with a value of 
approximately 1.6 will yield a significance of 0.1, or 90% confidence. (The confidence is calculated by 
subtracting the significance from 1. A confidence of 90% or higher, which is equal to a significance of 0.1 
or lower, is considered a significant result in linear regression modeling.) For example, we can say that 
based on the current dataset, the beta value of 5.398 for CollegePct is significant with 98% confidence. 
The importance of a finding of significance is that the correlation between variables is not random or 
due to chance. It is important to note however, that correlations between variables, even when 
significant, do not necessarily imply causation. All significant variables are in bold print in Table TM2.2. 
Of the variables in the regressions, only those which are significant will be discussed, as non-significant 
variables do not yield any new information about the dependent variables. 
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Table TM2.2 Models of bicycle and pedestrian counts 

Variable Model 1 - Bicycle Counts   Model 2 - Pedestrian Counts 

Adjusted R2  0.245    0.275  

 Beta t-statistic Significance  Beta t-statistic Significance 

(Constant) -946.148 -3.472 0.001  -1331.238 -1.680 0.094 

Sociodemographic and Built Environment Variables 

LUMix 199.600 5.455 0.000  911.086 8.765 0.000 

BlackPct -7.810 -3.455 0.001  -13.789 -2.140 0.033 

CollegePct 5.398 2.333 0.020  14.876 2.239 0.026 

OtherPct 4.183 1.056 0.292  4.454 0.395 0.693 

YngOldPct 12.538 2.580 0.010  16.935 1.260 0.208 

MedIncThd -5.711 -2.965 0.003  -28.923 -5.349 0.000 

PopDens 0.594 0.206 0.837  7.860 0.951 0.342 

Climate Variables 

Tmax 13.991 6.418 0.000  17.832 2.826 0.005 

MaxDev -9.895 -2.477 0.014  -19.712 -1.717 0.087 

Precip -199.644 -1.711 0.088  -152.218 -0.455 0.649 

WindAvg -3.357 -.452 0.651  3.963 0.185 0.853 

Road Facility Variables 

Principal - - -  202.846 0.295 0.768 

Arterial - - -  683.722 2.334 0.020 

Collector - - -  1199.776 3.885 0.000 

Local - - -  232.720 0.849 0.396 

BusRoute 24.237 0.314 0.754  387.828 1.750 0.081 

Bicycle Facility Variables 

Principal_Facility - - -  - - - 

Arterial_Facility 435.370 3.832 0.000  - - - 

Collector_Facility 225.887 1.438 0.151  - - - 

Local_Facility 131.068 0.744 0.457  - - - 

Principal_NoFacility -54.820 -0.234 0.815  - - - 

Arterial_NoFacility 212.123 2.140 0.033  - - - 

Collector_NoFacility 72.301 0.625 0.532  - - - 

Local_NoFacility - - -  - - - 

OffStreet 580.058 5.739 0.000  - - - 
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The model constant is significant in both models. The constant can be interpreted as the value of the 
estimate of the dependent variable assuming all the independent variables are set to zero. This is not a 
realistic scenario, which is why the magnitude of the constant is negative. 
 
LUMix is significant in both models. It also has a very large magnitude, which is jointly due to the large 
effect that good land use mixing has on non-motorized transportation and the fact that LUMix is on a 
scale from zero to five. In the case of bicycles, an increase of one on the LUMix scale results in an 
increase of nearly 200 bicycles in the 12-hour period. However, since a one point increase in LUMix 
corresponds to 20% of the entire scale, this must be slightly tempered as the mean LUMix value is 
approximately 0.5 and many block groups are below the mean. Nevertheless, LUMix appears to be the 
strongest indicator of non-motorized transportation use in the model. The sign on LUMix is positive in 
both models, as expected. 
 
BlackPct is significant in both models as well, and with a negative sign in both, as expected. CollegePct is 
also significant in both models, and with the expected sign as well. The magnitudes of BlackPct and 
CollegePct are nearly identical, indicating they have equal and opposite effects on count volumes. 
YngOldPct is significant, but in the bicycle count model only. Additionally, its sign is positive, the opposite 
of what was expected. This could be due to the fact that while these block groups may have populations 
that do not bicycle often, they are still favorable areas for bicyclers to ride through. MedIncThd is also 
significant in both models. Its sign is negative, which is the opposite that was expected. It is possible that 
the income effect is negative for groups other than the very rich, or that non-motorized transportation is 
so well utilized among low income groups that it cancels out the income effect. Further analysis should 
be conducted before a determination can be made on the effect of median income on counts. 
 
In the weather variable category, Tmax is significant and positive in sign in both models, as expected. 
MaxDev is also significant in both models, but negative in sign in both cases. This indicates that above-
average temperatures tend to decrease bicycle and pedestrian activity, while below-average 
temperatures tend to increase activity. This could be due to the fact that the vast majority of counts 
were taken during the summer, during which relatively cool days are preferred over relatively hot days. 
Counts taken during a better cross-section of Minneapolis weather should help determine the effect of 
this variable. Precip is significant in the bicycle model only, and with a large negative beta value. Since 
the units on Precip are inches, the large magnitude is not entirely surprising as it is relatively rare for an 
inch of precipitation to fall in one day. More often than not, the precipitation values, when non-zero, 
were trace, which was coded as 0.01 inches in the model. 
 
In the bicycle model both of the arterial variables, Arterial_Facility and Arterial_NoFacility, as well as 
OffStreet were found to be significant, and with the expected sign. Additionally, these variables have 
large positive magnitudes, which suggest that relatively large roads with bicycle facilities contribute to a 
considerable degree to the usage of non-motorized transportation. 
 
The pedestrian model saw Arterial, Collector and BusRoute with large, positive and significant beta 
values. Collector has a beta value almost double that of Arterial, indicating that while large roads see 
more pedestrian activity than small local roads, huge principal arterials and off-street bicycle trails, 
pedestrians generally prefer the collectors and their lower operating speeds and automobile traffic 
volumes. Also unsurprising is that pedestrians are counted in greater numbers on roads with bus routes. 
Since bus routes serve the pedestrian community to a much greater degree than the bicycle community. 
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Application of the Regression Models 
 
Figures TM2.1 and TM2.2 are maps that have been created using the models presented in this 
memorandum. For each road segment in the city of Minneapolis, a value was assigned for each 
applicable variable for both bicycle and pedestrian counts. OffStreet was ignored, as only city streets 
were analyzed. Ideal weather conditions were assumed for each segment (specifically, a temperature of 
70 degrees Fahrenheit, no precipitation and low five mph wind speed), and  demographic characteristics 
were assigned based upon which block group the street primarily fell within. Both significant and 
insignificant independent variables were used in these calculations, in which can be assigned 
approximately 25% confidence, the value of the adjusted R2 for both models. Values for bicycle and 
pedestrian predictions were calculated for each street segment in the city, and mapped to help indicate 
areas that could have demand for bicycle facilities. Figures TM2.3 and TM2.4 are maps of the off-street 
trail system in the city. All road facility variables were ignored for these maps. 
 
Figures TM2.1 and TM2.2 visualize the models’ outputs by applying its constant plus its appropriate beta 
values to the unique attributes of each road segment in Minneapolis. This provides the predicted 12-
hour count which, when shown for the approximately 12,000 road segments, represents non-motorized 
traffic activity and differences throughout the entire city. 
 
One must note, however, that the interpretation of these maps should not be that the predicted value 
for the road segment is the true value that would be observed during a formal traffic count event. 
Rather, it is best to think of the results as a relative measure of non-motorized activity across broad areas 
of the city. For this reason, the following maps are broken down by quintiles which provide an easy to 
understand categorization scheme whereas each category refers to a certain twenty percent of the total 
number of road segments. Thus it becomes easier to understand how predicted non-motorized activity 
on one road segment is different than another by thinking, for example, of a yellow segment being in the 
lowest quintile of all road segments for bicycle or pedestrian activity while a red segment is in the 
highest quintile. 
 
Figure TM2.1 details the predicted bicycle activity on roads. Immediately, one notes the low predicted 
counts in North Minneapolis and the high predicted activity in the area around the University of 
Minnesota campuses and near the lakes and river. Another interesting area is South Minneapolis where 
Park Avenue and Portland Avenue with their bicycle facilities are clearly distinguishable from the 
surrounding I-35W corridor. 
 
Figure TM2.2 details the predicted pedestrian activity on roads. The model predicts a large number of 
negative values for pedestrian activity, which is common with linear regression models and this model’s 
low R2 value. For this reason, these values have all been converted to a zero value. The result of this 
modification is that much more than twenty percent of the city’s street segments fall into the lowest 
category. For this reason, the lowest three of five quintiles have been combined into one category, 
shown on the map as the ‘60th Percentile’ cohort. Of the remaining road segments, the busy downtown 
and campus areas are easily distinguishable by their high predicted pedestrian activity. 
 
These maps, while providing an excellent initial overview of activity, are not completely accurate as is 
apparent from the R2 values near 0.25.  Future renditions of the non-motorized models that include 
additional variables will help improve accuracy in predictive counts.  Also, additional count locations and 
count events that are incorporated into the models will help explain a greater proportion of the variance. 
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For example, as is evident in the maps, North Minneapolis is underrepresented in count locations and 
events.  The extremely low predictions of pedestrians and bicyclists in this area may be the result of this 
underrepresentation in the models. 
 
Figures TM2.3 and TM2.4 further highlight the limitations of these models.  These maps, showing the 
off-street trail system in the city, have a number of predicted counts that are counter intuitive.  For 
example, much of the Midtown Greenway is shown in the lowest percentile when in fact, the Greenway 
is the most used trail in the city.  In addition, trails along Lake of the Isles and Lake Harriet are showing 
lower than expected counts.  The models used in this analysis however, do not include variables that 
factor in recreational or scenic amenities.  In essence, the models do not “see” the lake along the trail, 
but instead only see the sociodemographic and built environment makeup of the area.  Future 
enhancements to the model which include such recreational variables will undoubtedly yield a higher R2 
value and a more accurate prediction of non-motorized traffic. 
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Figure TM2.1. Model output for bicycle counts for all road segments in Minneapolis. 



10 
 

Figure TM2.2. Model output for pedestrian counts for all road segments in Minneapolis. 
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Figure TM2.3. Model output for bicycle counts for all trail segments in Minneapolis. 
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Figure TM2.4. Model output for pedestrian counts for all trail segments in Minneapolis. 
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Technical Memorandum 3 

 
Date:   May 21, 2010 
 
To:   Tony Hull, Transit for Livable Communities  

Shaun Murphy, Minneapolis Department of Public Works  
 

From:   Jason Borah, Steve Hankey, Kris Hoff, Brad Utecht, Zhiyi Xu  
University of Minnesota Humphrey Institute of Public Affairs 

 
Subject:  Recommendations for Count Protocols and Methodologies 
 
 
 
 
Purpose 
 
This memo outlines our recommendations for improving count protocols, location selection, and the 
deployment of automatic counters. 
 

Standard inter-agency counting protocol 
 
During the compilation of manual count data from City of Minneapolis Department of Public Works and 
TLC, different recording and reporting methods were identified. To facilitate the fluid combination of 
data collected in the future by different organizations, the creation of an inter-agency count protocol 
should be considered. We would anticipate a future count protocol in the following format: 
 
Count Time Period 
 
A two-hour count between the peak period hours of 4:00pm and 6:00pm (most common among the 
existing count data) should be the primary count period. We found that this count period is a robust 
predictor to generate a 12-hour volume estimate. A one-hour peak hour count may likely be used with 
minimal loss of predictive accuracy.  However, to provide greater confidence in this count hour 
reduction, additional 12-hour counts (to supplement the existing model) are highly recommended.  
Count periods that fail to include the peak hour period, such as a 10:00am to 2:00pm count, should be 
discouraged as the maximum benefit rests in counting the peak hour period through a two hour or 12- 
hour count.  Thus, given the choice of a longer off peak count or a shorter peak hour count, the most 
efficient use of resources rests in the shorter peak hour count. 
 
In addition to the aforementioned weekday peak hour counts, benefit may be found in taking counts at 
some other times to bolster the predictive model. For example, benefit may exist in doing pedestrian 
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only counts during the noon hour peak period.  Also, counts taken on weekends in addition to weekdays 
will further enhance future variations of the model.  
 
Count Location ID 
 
To make each count location easy to track, locate, and refer to, count agencies should come up with a 
consensus numbering system for the existing and future count locations (as well as clearly state the 
physical address of each location). This numbering system could follow alphabetical or geographical 
order of the physical address. Each count location should be accurately located on the count location 
GIS file before actual counts are taken.  Our capstone ID was utilized for this project but a similar 
method could be utilized between agencies.   
 
Also, it may prove useful to attach GPS identification to each count location.  With this, counting 
agencies would be able to verify that count events for one location taken over many months or years 
were indeed taken at the exact same location.  A possible tool of great use for this recommendation is a 
digital camera with GPS capabilities.  A geocoded photograph of the count location during the count 
event would serve multiple purposes.  Not only would a photograph act as verification of that the count 
was taken at the correct location, but it would also act as an excellent supplement to the written record 
of the day’s dynamic attribute.  For example, looking back at a count event from a year ago, a 
photograph would show whether or not a certain bike facility was installed yet or whether the sidewalks 
had the snow shoveled that day  or whether it was sunny or rainy that day.  
 
Count Format 
 
Count agencies should decide on some critical definitions such as: what constitutes a pedestrian or 
bicycle, count event, count location, etc.  For example, two people riding together on one bicycle should 
be counted as two bicycles. Bicyclists in bike lanes should be counted separately from those biking on 
sidewalks. An adult walking with a child in a stroller should be counted as two pedestrians. Special 
circumstances occurring at or near a count location, such as protests or marathons should be clearly 
noted. Depending on preference count agencies should decide whether to record the gender of the 
travelers. 
 
Report Format 
 
Certain physical and urban form attributes of the count location should be reported during a count 
event. Bike facility, road classifications, and presence of a bus line should be indicated for each count 
location.  In addition, weather conditions, such as temperature, wind speed, precipitation should also be 
reported. 
 
Also, during this research, it was apparent that different agencies count in different increments.  For 
example, DPW totals the activity for each 30 minute period while TLC totals per 15 minutes.  It is 
recommended that the interval size be standardized.  While the decision on what interval size to use 



3 

may be affected by financing or grant mandates and national standards and outside the scope of this 
research, it should be noted that smaller intervals can always be aggregated upwards while larger 
intervals can never be disaggregated.    
 

Identify future count locations 
 
Building on the results of the predictive model along with the predicted 12-hour volume estimate maps 
discussed in TM2, this research makes several recommendations for identifying future count locations 
that will best serve the counting agencies and future variations of the predictive model. 
 
New Sites 
 
Currently, 240 count locations are within the Minneapolis.  Those locations provide an excellent footing 
for the predictive model.  New count locations may be a priority as the predictive model will improve 
with each additional count event that is included in future variations.  When simply examining the 
spatial extent of the existing count locations, it is apparent that certain areas, such as North Minneapolis 
and South Minneapolis, are underrepresented given their expansive geographic area while those areas 
around the lakes, downtown, and the U of M campuses are plentiful in sites.  
 
Data Gaps 
  
Count locations are not representative of the City as a whole, and developing better data for modeling 
purposes will require more representative sampling.    As shown in Table TM3.1, existing count locations 
in most of the sociodemographic categories generally are representative of the City of Minneapolis as a 
whole although they do appear slightly less diverse while being better educated.  However, comparing 
the mean value of land use mix (LUMix) one notes that the mean for all block groups in the City is 0.0775 
while for those block groups with existing count locations is 0.1731.  This difference, nearly 250%, 
means that count agencies are disproportionately counting in areas with a higher land use mix than is 
found in the City as a whole.  When considering income levels of block groups (MedIncThd), it is 
apparent that some of the wealthiest block groups in the City have not been included in counting, and 
their inclusion should be considered.  While it may seem counterintuitive to perform counts at locations 
with low expected non-motorized activity for whatever reason, including such locations is a necessary 
step in bolstering the predictive models.   
 
Additional data gaps unrelated to sociodemographics should also be addressed.  Nearly all count events 
on record took place in September.  TLC’s recent addition of monthly counts at five locations is an 
excellent start to closing the seasonal data gap.  Further resources should be applied to additional count 
events throughout the year at a diverse set of count locations.   Also, as briefly discussed within the 
Count Time Period section above, dedicating resources to weekend count events in addition to the now 
standard weekday count will help close the data gap.  
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Table TM3.1. Data Representation Analysis – City of Minneapolis versus Count Locations 

  
City Model 

Variable 
Count Location 
Block Groups   

Minimum 0.0000 

LUMix 

0.0004 Minimum 
Maximum 4.9820 4.9820 Maximum 

Median 0.0219 0.0366 Median 
Mean 0.0775 0.1731 Mean 

Standard Deviation 0.3323 0.6070 Standard Deviation 

          
Minimum 0.14 

BlackPct 
(%) 

0.48 Minimum 
Maximum 73.13 73.13 Maximum 

Median 9.46 9.24 Median 
Mean 17.00 15.88 Mean 

Standard Deviation 17.78 17.35 Standard Deviation 

          
Minimum 1.62 

CollegePct 
(%) 

1.62 Minimum 
Maximum 91.35 88.79 Maximum 

Median 39.48 45.56 Median 
Mean 41.83 44.67 Mean 

Standard Deviation 21.41 22.05 Standard Deviation 

          
Minimum 1.94 

OtherPct 
(%) 

3.14 Minimum 
Maximum 85.03 46.27 Maximum 

Median 12.57 12.06 Median 
Mean 16.03 15.70 Mean 

Standard Deviation 11.50 10.71 Standard Deviation 

          
Minimum 0.03 

YngOldPct 
(%) 

0.03 Minimum 
Maximum 55.09 36.21 Maximum 

Median 15.72 14.53 Median 
Mean 15.91 14.06 Mean 

Standard Deviation 6.85 6.98 Standard Deviation 

          
Minimum 10.50 

MedIncThd 
($) 

10.50 Minimum 
Maximum 176.25 126.74 Maximum 

Median 39.42 34.50 Median 
Mean 43.33 38.32 Mean 

Standard Deviation 22.16 20.89 Standard Deviation 

          
Minimum 0.54 

PopDens 
(per acre) 

0.54 Minimum 
Maximum 58.22 58.22 Maximum 

Median 12.63 12.17 Median 
Mean 14.83 14.93 Mean 

Standard Deviation 8.78 10.38 Standard Deviation 
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Validation of Automated Counts 
 
An underlying assumption during this research project is that the three loop detectors located on the 
Midtown Greenway are accurately counting bicycles.  The City, however, has not validated the accuracy 
of these counters.  Therefore, automated counters should be validated through independent, manual 
counts. 
 

Deployment of automatic counters 
 
Automatic counters would be a useful supplement to the current dataset.  Automatic counters have the 
advantage of continual monitoring, accuracy, and can be used on poor weather days.  When considering 
strategies for the deployment of automatic counters we would encourage addressing the following: 
 
Validation 
 
There are two types of validation that are important to consider when deploying automatic counters: (1) 
self-validation of the counter itself and (2) calibration with other count methods.  When deploying an 
automatic counter for an extended period of time it would be helpful to periodically validate it by 
manually counting for short periods of time (e.g., 4 hours) throughout the course of deployment.  This 
would aid in not only ground-truthing the counter itself but also yield helpful information for correction 
factors.  Before deployment it would also be helpful to co-locate an automatic counter with all other 
known count methods in the City.  We are aware of three other types of counters currently being used: 
(1) magnetic loop detectors, (2) manual counts, and (3) infrared automatic counters (administered by 
both the University of Minnesota and TLC).  Both of the automated counters are located on the 
Midtown Greenway (loop detector, infrared counter) meaning all count methods could be feasibly 
deployed at the same location.  This would greatly aid in calibrating all count methods used in the City. 
 
Supplement near-full day counts 
 
As mentioned earlier (and in TM1) more near full-day counts (12-24 hours) would help to describe 
hourly non-motorized travel patterns and improve bicycle and pedestrian scaling factors.  Automatic 
counters can serve this purpose well if deployed in a variety of locations types throughout Minneapolis.  
Similar to the recommendations for new sites discussed above these near-full day counts should be 
stratified to help elucidate differences in non-motorized travel by facility type, neighborhood, and road 
classification (see TM2 for a full list of variables). 
 
Evaluation of specific infrastructure projects 
 
Automatic counters will be a valuable tool to aid in evaluating future bicycle and pedestrian 
infrastructure projects.  To ensure an accurate evaluation of changes in non-motorized behavior due to 
any given project is achieved it is important to establish a strong baseline measurement of non-
motorized travel behavior.  Ideally, this would include automatic counters located for an extended 
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period of time at multiple locations along the length of the project.  Establishing counts at multiple 
locations along a given project would help to observe not only one value for the overall change in bicycle 
and pedestrian behavior but also any differential effects that may occur along various segments of the 
project. 
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Transmittal Memorandum 1 

 
Date:  May 21, 2010 
 
To:  Tony Hull, Transit for Livable Communities 
  Shaun Murphy, City of Minneapolis Department of Public Works 
 
From: Jason Borah, Steve Hankey, Kristopher Hoff, Brad Utecht, Zhiyi Xu 

University of Minnesota Humphrey Institute of Public Affairs 
 
Subject: Transmittal of 12-Hour Bicycle and Pedestrian Count Estimation Tool 
 
 
 
 
Purpose 
 
This memo presents a simple Excel-based tool to predict bicycle and pedestrian counts based on the 
linear regression model introduced in Technical Memo 2. The goal is to provide the City of Minneapolis 
and Transit for Livable Communities (TLC) a rough method for estimating counts at sites where counts 
have not yet been performed. The estimation tool is intended to be used as a rough planning tool, not as 
a decision making device. 
 
Explanation 
 
The estimation tool is relatively easy to understand and utilize. Simply enter the desired value into each 
pull-down or entry field and a prediction for bicycle and pedestrian traffic will automatically be 
calculated based on the predictive model. This tool can be used for many purposes, including a rough 
check of predicted non-motorized traffic in an area of interest, testing the possible effect of the addition 
of a bicycle facility, or testing the possible effect of the addition or subtraction of a bus route from an 
area of interest. 
 
Weather data used in the model were gathered from the same source presented in the tool (as well as 
the functional road classification definitions). Please note that the link to search for census tract by 
address will not yield the specific block group in which the address falls; however, it is still necessary to 
choose a block group for the use of the estimation tool.  Care should be taken to choose the correct 
block group for the user’s purpose. 
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