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Estimating commuting matrix and error mitigation: A complementary use of aggregate 

travel survey, location-based big data and discrete choice models 

 

Abstract 

The prevalence of location-based big data has opened up a new research frontier for 

estimating origin–destination commuting matrices for cities where granular flow data are not 

yet available from official sources. However, so far there have been few investigations into 

estimation errors and potential correction methods in the literature. To address the research 

gap, this paper first compares the performance of two estimated commuting matrices for 

Shanghai, derived by two distinct matrix estimation methods, namely a big-data approach 

using mobile phone signalling data and a discrete choice model for simulating the residential 

location of commuters. The empirical results indicate that there is an outstanding analytical 

complementarity between the two approaches. A novel method is then proposed for 

mitigating the errors associated with the big-data approach. The proposed method features a 

selective blending of the big-data based flow estimation and the model-based estimation. By 

comparing the blended flow estimation with benchmark travel statistics, we find that the 

proposed method would significantly reduce the estimation errors and hence improve the 

robustness of the estimated matrix. It is expected that the proposed method will set a new 

standard for correcting potential errors in big-data based flow estimation. 

 

Keywords: matrix estimation; commuting; location-based big data; mobile phone data; 

transport modelling 

1 Introduction 

The journey-to-work matrix, also known as the origin–destination commuting flow, is a 

crucial data input for modelling urban land use and transport systems in support of 

policymaking. Prior to the emergence of novel data sources, model-based approaches have 

been the mainstay for estimating and simulating origin–destination matrices based on travel 

surveys. Widely adopted models have included the gravity and the entropy maximisation 

models of spatial interaction (Batty & Mackie, 1972; Wilson, 1967, 1970) as well as discrete 

choice models based on random utility theory (Anas, 1983; McFadden, 1973). Among these 

model applications, the land-use and transport interaction models have played a pivotal role 

in practical policy appraisals (Lowry, 1964; Batty, 1976, 2009; Echenique et al., 1969; Jin et 

al., 2013; Wegener, 2004). 
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However, detailed commuting matrices from official sources are often not accessible, 

even for academic purposes, particularly for cities in developing countries (Hu et al., 2019). 

Recent studies have attempted to overcome this data deficiency by employing various 

location-based big data sources, including smart-card data (Long et al., 2012), GPS tracking 

data (Papinski & Scott, 2013; Shen et al., 2013; Ta et al., 2016), social media data (McNeill 

et al., 2017), location-based services (Ahas & Mark, 2005; Wan et al., 2017) and mobile 

phone data (Bonnel et al., 2015; Kung et al., 2014; Yang et al, 2019; Yuan et al., 2012; Zhou 

et al., 2018). Location-based big data have untapped potential to produce a robust commuting 

matrix to support policy endeavours. However, the emerging data sources tend to contain 

case-specific sampling biases or measurement errors (Chen et al., 2016; Liu et al., 2015; 

Yang, 2020), which suggests that the derived commuting matrix would require further 

refinement before it could be used to appraise policies.  

This paper proposes a novel method for mitigating the errors in estimated commuting 

matrices based on limited official travel statistics. The method is informed by an empirical 

comparison of matrix estimations for Shanghai, which includes a matrix derived from mobile 

phone signalling data and a matrix estimated by a purpose-built discrete choice model for 

residence location choice. The complementarity of the big-data approach and the modelling 

approach is discussed. The results demonstrate that the proposed method significantly 

reduces estimation errors based on benchmark statistics. Considering the increasing amount 

of geospatial data available to researchers and policy analysts, the proposed method could be 

applied to provide a best-match commuting matrix estimation for cities that currently have no 

official flow data. The proposed error mitigation strategy can improve the robustness of the 

estimated flow and provide essential data support for the wider transport modelling 

community. 

The paper is structured as follows. Section 2 reviews existing methods for estimating 

commuting matrices, with a focus on error identification and correction. Section 3 introduces 

the case study area (Shanghai), data input and workflow. Section 4 discusses the matrix 

estimation methods and reveals the comparison results. Section 5 explains the new approach 

to error mitigation and presents an assessment of the refined matrix. Conclusions, limitations 

and suggestions for future research are provided in Section 6. 

2 Literature Review 

A vast body of literature exists estimating origin–destination commuting matrices using 

emerging data sources such as mobile phone (MP) data, with several review papers readily 
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available (Chen et al., 2016; Y. Liu et al., 2015; Steenbruggen et al., 2013; Wang et al., 

2018). As most emerging data sources are not intended for transport research, the origin–

destination of trips would have to be inferred, commonly through a rule-based algorithm. 

This is based on the observation that the locations and trip duration of regular commuters are 

likely to exhibit a high level of regularity.  

The specification of the rule-based algorithm is usually done on a case-by-case basis, 

hence the associated estimation errors. A study by the UK Office for National Statistics 

(ONS, 2017) using MP data to estimate commuting flows found that there is a good 

correlation between the MP matrix and the census flow data for relatively long-distance 

journeys. However, the MP matrix would largely overestimate short-distance journeys. The 

error is likely to be associated with the rule-based algorithm for location inference. The rule-

based algorithm has a methodological limitation in differentiating between home-workers, 

commuters who travel very short distances and non-commuters with regular travel patterns 

(e.g. housewives who visit nearby shopping areas twice a week might be identified as 

commuters). Regarding the processing of MP data, census and mid-year population estimates 

from ONS are applied to scale the MP data to a full population flow. Wan et al. (2017) used 

location-based services (LBS) data to infer commuting flows for Beijing and found that a 

rule-based algorithm tends to perform better at identifying residence locations than 

employment locations. Yang (2020) further noted that the estimation errors from a rule-based 

algorithm can differ significantly across locations. Iqbal et al. (2014) estimated the 

commuting matrix for Dhaka using Call Detail Records and found that the estimation errors 

(against actual traffic count) also vary significantly across different times of the day. 

Despite sampling biases and estimation errors, the existing literature has focused on 

demonstrating the ‘richness’ of big data regarding the spatial-temporal dynamics of 

movements. Relatively few papers, however, have addressed the errors or validation of the 

estimated matrix (Chen et al., 2014; Liu et al., 2016; Wang et al., 2018), or how the identified 

errors could be mitigated to improve the representativeness of the matrix based on benchmark 

statistics. 

To validate the estimated commuting matrix, three methods have been adopted in the 

existing literature: (1) comparison against observed data from travel surveys or census; (2) 

cross-validation with multi-source big data; and (3) comparison against model simulations. 

As an example of the first approach, Long and Thill (2015) explored commuting patterns in 

Beijing using bus smart-card data, whereby the estimated matrix was validated with the 

observed local travel statistics (travel volume, average travel time and distance). Alexander et 
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al. (2015) compared the estimated commuting matrix for Boston with both local and national 

travel survey data, and identified a relatively large estimation error on travel volume for 

short-distance, low-speed and low-volume trips. In the case of the second approach, 

Calabrese et al. (2013) validated the commuting matrix derived from MP data with census 

data as well as vehicle odometer readings in Singapore.  

Using the third approach, Iqbal et al. (2014) compared their estimated MP matrix with 

results from a micro-simulation model for selected trip origins and also with limited travel 

count data. Wan et al. (2017) and Yang (2020) validated the derived matrix from LBS and 

MP data with results from a land-use and transport interaction model as well as aggregate 

census data. Chen et al. (2014) examined estimation errors associated with a rule-based 

algorithm based on a simulated MP data set that synthesises information from a structured 

survey and raw MP traces. Their findings suggested that a satisfactory goodness of fit could 

be achieved through a location inference algorithm and the model perform better at detecting 

home locations than that of workplaces. 

Among papers that explicitly include a validation exercise, scant few consider how the 

identified errors could be mitigated. Wismans et al. (2018) published one of the few papers 

that corrects the MP matrix by substituting trips within a certain distance with a model-based 

matrix, demonstrating discernible improvement. Another widespread approach to error 

correction is to apply scaling factors to the sample matrix, such that the scaled matrix could 

reflect the total population. We argue that this scaling exercise is, in fact, a part of the matrix 

estimation process as in conventional transport modelling (e.g. through iterative proportional 

fitting). The scaling may in part address the sampling error of the MP data in the sense that 

the scaled matrix would correspond to observed trip-end totals, but it does not address the 

estimation errors associated with the rule-based algorithm as well as the scaling exercise. 

One of the main reasons that error correction is not widely considered in the literature is 

perhaps the lack of ‘ground-truth’ data, which is why an estimated matrix is required. 

However, even with limited travel survey data, the biases and errors in the commuting matrix 

estimated with big data should be identified and corrected. In particular, if the derived matrix 

is to be used for practical policy use, the identified errors (as opposed to limited benchmark 

data) would undermine the credibility of the model-based policy assessment. 

Prior to the prevalence of big data, established methods in the field of transport modelling 

were used for estimating a trip matrix. Two broad strands of estimation methods can be 

identified: (1) matrix adjustment through iterative proportional fitting (IPF) (Deming & 

Stephan, 1940), also known as the Fratar–Furness method, named after Fratar (1954) and 
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Furness (1965); and (2) matrix generation through the application of spatial interaction 

models (Batty & Mackie, 1972; Wilson, 1967, 1970) and subsequently discrete choice 

models (Anas, 1983; McFadden, 1973). The key difference between the two strands is that 

the former requires an a priori seed matrix, while the latter does not. In the case of the first 

strand, a classic application was presented by Ben-Akiva et al. (1985). Recent applications 

include Gordon et al. (2018) and Ji et al. (2015). One of the key features of the IPF method is 

that the adjustment would preserve the trip patterns as in the seed matrix, suggesting that the 

quality of the seed matrix, in effect, determines the quality of the adjusted matrix (de Dios 

Ortuzar & Willumsen, 2011). Ben-Akiva (1987) demonstrates a unique solution of the IPF 

method if the seed matrix contains no zeros. If a large number of zeros exist in the seed 

matrix (i.e. a sparse matrix), which is not uncommon for sample data, the IPF method may 

encounter a convergence issue for certain locations. For instance, in extreme yet relatively 

rare cases where no trip is captured for a workplace or place of residence, that is the cells 

along one row or column in the matrix are all zeros, the IPF method would fail to meet the 

observed constraints for that particular row or column. Nonetheless, those locations could be 

removed from the seed matrix and the IPF method could be applied to the rest of the matrix. 

By contrast, generating a matrix using spatial interaction or discrete choice models does 

not require an a priori seed matrix. These models might be a useful alternative for cities 

where a quality seed matrix remains inaccessible. However, the formulation of spatial 

interaction and discrete choice models does require considerable additional data inputs, for 

instance, the measurement of mass and distance for gravity models and the location utility 

components in discrete choice models. Acquiring such data from conventional sources is 

usually no less demanding than conducting a small-size sample survey. However, emerging 

online data sources open up a new frontier for utilising these models. For example, door-to-

door travel time and distance are now readily available from online map services, which 

facilitates the calculation of transport costs by origin–destination pair. Housing rental data 

from property listing websites enable the cost of housing to be accurately measured (in terms 

of spatial location) and incorporated into location choice models. The predictive power of 

some model applications has been empirically verified (Miller et al., 2012; Wan & Jin, 2017). 

However, few papers have explored how these established models may help to identify and 

potentially correct the errors in the matrices derived from big data.  

This paper aims to address the research gap by empirically comparing a sample matrix 

derived from MP data for Shanghai, a Fratar-adjusted matrix based on the sample matrix, and 

a matrix generated by a discrete choice model using online open data, against observed travel 
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statistics. A new error-correction strategy is then proposed, which is informed by the 

complementarity of the MP matrix and the model-estimated matrix. 

3 Study Area, Data and Workflow 

3.1 Geographical specification and official travel statistics 

The study area is Shanghai in China. Despite being one of the most developed city 

regions in China, transport statistics from official sources are rather limited. The published 

data from the official Shanghai Comprehensive Travel Survey are all at an aggregate level. 

Access to microdata or detailed origin–destination data is virtually impossible even for 

academic use. 

 

Figure 1 Zonal categorisation 

A three-level zoning system was developed to represent the study area (see Figure 1). At 

the micro-zonal level, we followed the sub-district administrative boundary (i.e. Jiedao, 

which is the smallest unit of census geography in China). A total of 233 micro-zones were 

established, the area of which ranges from approximately one km² in the city centre to 148 
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km² in the far suburbs, with an average of 29 km². At the meso-zonal scale, we aggregated 

micro-zones into several clusters according to the local Comprehensive Plan (2017–2035). At 

the macro-zonal level, we further aggregated the meso zones into four categories: Centre 

(Ct), Near Suburbs (NS), Designated Sub-centres (DS) and Far Suburbs (FS). 

The 2009 Shanghai Comprehensive Travel Survey is used as the benchmark for 

comparing alternative matrix estimations, which is the official survey closest to the 

observation year (2011) of the MP data. The released data do not include detailed origin–

destination information and are mostly aggregate statistics, which typically include the city-

level average travel distance, modal share and the percentage share of intra-zonal trips (i.e. 

origin and destination both within the same macro-/meso-zone) and share of to-Centre trips. 

Note that some of the location-specific survey data are sourced from a domestic academic 

article (Zhou & Chen, 2015). The travel survey data are presented in the matrix comparison 

section. 

 

3.2 Mobile phone data 

Anonymised cellular signalling records from a leading domestic operator (with a market 

coverage of over 50% in Shanghai) are used in this paper. Following the methods developed 

by Yang et al. (2019) and Yang (2020), we estimated the employment–residence location pair 

of MP users by identifying the most frequently connected signal towers during the daytime 

(9:00 a.m. to 5:00 p.m.) and night-time (midnight to 6:00 a.m.) over a period of two weeks in 

March 2011. This approach yielded 3.81 million regular commuters, which is approximately 

33% of the total employment figure in 2011 Shanghai (see Table 1). A higher capture rate is 

observed for Designated Sub-centres for both place of residence and workplace, while the 

capture rate for the Centre is relatively low. This may be attributed to the more competitive 

market among mobile network operators (MNOs) in the city centre, and the fact that MNOs 

tend to introduce different market promotion strategies across locations. Note that the raw 

origin–destination matrix derived from the MP data features a sparse matrix containing a 

large number of zeros (27,488 zeros out of 233*233 = 54,289 origin–destination pairs). The 

different capture rates across geographical areas and the appearance of zeros in zone-pairs 

reflect the importance of validation in using location-based big data. Aggregated statistics 

from raw data would lead to biased observations and skewed results towards more 

represented groups.  
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Table 1 Identified number of commuters using mobile phone (MP) data (2010) versus observed data (2010) by macro-zone 

 
Commuters at home 

(Employed residents) 

Commuters at workplace 

(Employment)  
Mobile phone 

raw data (2011) 
Census data1 

(2010) 
Capture 

rate 
Mobile phone 

raw data (2011) 
Census data 

(2010) 
Capture 

rate 

Centre 1,294,632 5,045,878 25.7% 1,397,234 5,636,588 24.8% 

Near Suburbs 1,005,688 2,747,090 36.6% 897,046 2,035,377 44.1% 

Designated Sub-
Centres 

630,089 1,138,491 55.3% 632,029 1,219,467 51.8% 

Far Suburbs 879,731 2,632,638 33.4% 883,831 2,672,664 33.1% 

Total 3,810,140 11,564,096 33.0% 3,810,140 11,564,0962 33.0% 

1 The total number of employed residents and employment was obtained from the local census for 2010. 
2 The total number of employees has been adjusted to correspond to the total number of employed residents for producing 
the commuting matrix – commuters to/from outside Shanghai are hence omitted. 

 

3.3 Network distance and time 

The network distance and travel time for both intra- and inter-zonal trips are required for 

the model-based matrix estimation. We obtained the network distance and time by travel 

mode through online map services. The detailed method for processing the intra- and inter-

zonal commuting distance and time is provided in the Supplementary Material. 

 

3.4 House rents and average wages 

To facilitate the development of the discrete choice model, data on house rents and 

workplace wages in Shanghai were also collected. Historical fine-scale house rents for 2010 

are not available from conventional sources. Instead, we sourced the housing rental data from 

a domestic property listing website (lianjia.com) in December 2017, which includes a total of 

over 790,000 transaction records from 2015 to 2017 covering the entire modelling area. 

Zonal average annual house rent per unit was processed and weighted by the house type (i.e. 

number of bedrooms) for each micro-zone. To estimate zonal house rents for 2010, we first 

calculated the average house rent at the city level in 2010 (based on household expenditure 

data from the census) and then adjusted the 2017 house rents pro rata to match the 2010 city 

average. The average wage was estimated based on district-level household wage income 

retrieved from the census data (2010). The use of these data in the discrete choice model is 

discussed shortly. 

 

3.5 Workflow 

The following sections introduce the process of matrix estimation and blending based on 

the prepared data sets mentioned above. As shown in Figure 2, the differences between an 
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MP raw matrix, a mobile-phone-adjusted (MPA) matrix, and a model estimated (ME) matrix 

were compared using official statistics as a benchmark. The MPA and ME matrix were then 

blended based on their respective strengths, leading to a final (blended) matrix. 

 

Figure 2 Workflow of matrix estimation and blending 

 

4 Matrix estimation 

In this section, we explain the method used for scaling the MP matrix and the model-

based method respectively. This is followed by an investigation of estimation errors in the 

respective matrices by comparing the two estimated matrices against observed travel 

statistics. 

4.1 Scaling the mobile phone matrix  

Note that the methodological focus of this section is on scaling the sample matrix derived 

from the MP data to a full-population matrix. The MP matrix requires scaling because it does 

not reflect the full population, that is, the total number of commuters aggregated by the 

workplace and place of residence does not correspond to the observed totals (see Table 1). To 

carry out the scaling, we followed the standard Fratar–Furness method (Fratar, 1954; Furness, 

1965), using the MP sample matrix as the seed matrix. The total zonal number of commuters 

by origin (i.e. employed residents) and by destination (i.e. workplace employment) is 

retrieved from the local census and used as the double constraints for the Fratar adjustment. 
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The formulation of the Fratar method was discussed in detail by de Dios Ortuzar (2011, p. 

180). 

The Fratar method is subject to one complication. If no trip is captured for a workplace or 

place of residence, that is, the cells along one row or column in the seed matrix are all zeros, 

the Fratar method would fail to meet the observed constraints for that row or column. We 

found that there were 11 such zones in our seed matrix, two of which are located in the 

Centre and three in each of the other macro-zones. We deemed that this is probably due to a 

sampling error in the original MP data. The Fratar-adjusted matrix is presented shortly, 

together with the method for deriving the ME matrix. 

 

4.2 Model-based matrix estimation 

The Fratar method requires an a priori seed matrix. When such an observed matrix is not 

available, a model-based method is often used to generate a commuting matrix that is 

compatible with observed travel statistics. In this paper, we propose a discrete choice model 

for simulating the residential location of workers in Shanghai. The discrete choice model 

incorporates emerging data sources such as travel time and distance, from online map 

services and housing rent data from property listing websites. The commuting flow from 

location 𝑖 to 𝑗 (𝑀𝑖𝑗
𝑀𝑜𝑑) is defined as: 

𝑀𝑖𝑗
𝑀𝑜𝑑 = 𝐸𝑗

𝑆𝑖𝑒
𝜆(−𝑑𝑖𝑗−ln(𝐶𝑖|𝑗)+𝑍𝑖)

∑ 𝑆𝑘𝑒
𝜆(−𝑑𝑘𝑗−ln(𝐶𝑘|𝑗)+𝑍𝑘)

𝑘

 Eq. 1 

where 𝐸𝑗 is the observed zonal number of employees at workplace 𝑗; 𝑆𝑖 is the total number of 

housing units in zone 𝑖; 𝜆 is a dispersion parameter to be calibrated; 𝑑𝑖𝑗 is the travel disutility 

for commuting between zone 𝑖 and 𝑗; 𝐶𝑖|𝑗 = 𝑟𝑖/𝑤𝑗 is the ratio between average housing rent 

at residence zone 𝑖 (𝑟𝑖) and the average wage at workplace 𝑗 (𝑤𝑗); and 𝑍𝑖 is a residual term 

for place of residence 𝑖, which is estimated subject to 𝜆 input. 

The formulation of the proposed model includes two important features. First, the 

housing cost variable (𝐶𝑖|𝑗) addresses the trade-off between transport and housing in relation 

to residential location choices (Alonso, 1964; Mills, 1967). This is enabled by the emerging 

real estate listing website which provides open, geocoded housing rent data. The empirical 

results are presented shortly to demonstrate that the incorporation of 𝐶𝑖|𝑗 would improve the 

goodness of fit of the model. 
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The second feature relates to the formulation of the travel disutility function (𝑑𝑖𝑗). The 

commuting catchment area of large city regions tends to have a radius of 50 km or more 

(BCT & BTRC, 2015; Vine et al., 2017). A travel disutility function that is linear to distance 

or time would have difficulty representing the variable cost elasticity of travel demand across 

a large city region such as Shanghai. A log-linear transformation (Fox et al., 2009; Jin et al., 

2013) is therefore applied: 

𝑑𝑖𝑗 = 𝛽𝑡𝑖𝑗 + (1 − 𝛽) ln 𝑡𝑖𝑗 − 𝛽 Eq. 2 

where 𝑡𝑖𝑗 is the average travel time from location 𝑖 to 𝑗; 𝛽 = 0.01 is a transformation 

coefficient, the value of which is informed by our own sensitivity tests. The log-linear 

transformation would produce a lower price elasticity for long-distance travel than a linear 

formulation (see Figure 3). 

 

Figure 3 Log-linear versus Linear Travel Disutility (the line representing the linear function has been shifted vertically 

for readability) 

Regarding model calibration, the dispersion parameter 𝜆 was estimated such that the 

estimated matrix reproduces the observed average commuting distance (𝐴𝐶�̂�) as in the travel 

survey (8.2 km in 2009). The problem is defined as: 

min
𝜆
(𝐴𝐶�̂� −

𝑀𝑖𝑗
𝑀𝑜𝑑𝐷𝑖𝑗

∑ 𝑀𝑚𝑛
𝑀𝑜𝑑

𝑚,𝑛

) Eq. 3 

where 𝐷𝑖𝑗 is the network distance (km) between zone 𝑖 and 𝑗. For a given 𝜆, the zonal 

residual term 𝑍𝑖 can be estimated. The optimisation problem is defined as: min
𝑍𝑖

(𝑅�̂� −

∑ 𝑀𝑖𝑗
𝑀𝑜𝑑

𝑗 ), where 𝑅�̂� is the observed number of employed residents at place of residence 𝑖. 

The problem can be solved using a standard Newton–Raphson algorithm. The calibrated 
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model can then produce a commuting matrix compatible with the observed ACD and remains 

doubly constrained by the zonal commuter totals. 

Table 2 demonstrates the benefit of incorporating the housing cost variable (𝐶𝑖|𝑗) in terms 

of the goodness of fit of the location choice model. The combination of 𝑑𝑖𝑗 and 𝐶𝑖|𝑗 can 

explain up to 76.7% of the variance in the observed data (𝑅�̂�).  

Table 2 Model comparison – with/without the housing affordability variable (𝐶𝑖|𝑗)  

 𝑅2 Adjusted 

𝑅2 

Root mean squared error Ave. commuting distance (km) 

Model without 𝐶𝑖|𝑗 0.699 0.698 0.0014 8.2 

Model with 𝐶𝑖|𝑗 0.768 0.767 0.0013 8.2 

Linear regression model: 𝑦 = 𝑎𝑥 + 𝑏 

𝑦: observed percentage share of employed residents at place of residence 𝑖, given workplace 𝑗 (𝑅𝑖|�̂�/∑ 𝑅𝑚|�̂�𝑚 ) 

𝑥: modelled percentage share of employed residents at place of residence 𝑖, given workplace 𝑗 (𝑀′𝑖|𝑗
𝑀𝑜𝑑/∑ 𝑀′𝑚|𝑗

𝑀𝑜𝑑
𝑚 ) 

Note that the difference between 𝑀′𝑖𝑗
𝑀𝑜𝑑 and 𝑀𝑖𝑗

𝑀𝑜𝑑 is that the former is calculated without the residual term (i.e. 𝑍𝑖 = 0), 

aiming to test the explanatory power of endogenous variables 𝑑𝑖𝑗 and 𝐶𝑖|𝑗 . The 𝑀𝑖𝑗
𝑀𝑜𝑑 is calculated with the calibrated 

residual term, hence ∑ 𝑀𝑖𝑗
𝑀𝑜𝑑 = 𝑅�̂�𝑗 . 

 

Note that 𝑑𝑖𝑗 and 𝐶𝑖|𝑗  are of the same unit (hours) in our formulation. The combination 

also requires that the numeric range of 𝑑𝑖𝑗 and 𝐶𝑖|𝑗 are mutually compatible; otherwise, one 

variable would completely dominate the outcome of the function. Table 3 presents the 

descriptive statistics of the two variables, which confirm the range compatibility. 

Table 3 Descriptive statistics of transport disutility (𝑑𝑖𝑗) and housing affordability (𝐶𝑖|𝑗) 

 
Count Max Min Mean S.d. 

Travel disutility (𝑑𝑖𝑗)*   54,289 36.4 12.8 17.3 4.39 

housing affordability (ln(𝐶𝑖|𝑗)) 233 8.8 6.2 7.6 0.58 

* No logarithm on 𝑑𝑖𝑗 because the log-linear transformation has been applied. 

 

4.3 Comparison with observed data 

In this section, we compare the raw matrix derived from the MP data, the Fratar-adjusted 

(MPA) matrix and the ME matrix against the observed travel statistics. We first compare the 

city-level ACD. The MP raw matrix and the MP-adjusted (MPA) matrix produce a much 

shorter ACD (5.1 and 6.5 km respectively) than the observed distance (8.2 km). The ME 

matrix uses the observed ACD as the input for calibration, and is therefore a perfect match.  

The travel survey data also includes some macro-/meso-zone level trip statistics, although 

these are incomplete (see ‘travel survey’ column in Table 4). The comparison in Table 4 

includes the raw MP sample matrix, the MPA matrix and the ME matrix. As the raw MP 

matrix does not conform to the observed trip-end constraints, the following discussion 

focuses on the MPA matrix and the ME matrix only. The table clearly shows that no method 
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has absolute analytical superiority over another, as the direction and magnitude of errors vary 

across trip origins and destinations. For trips from the Centre, both the MPA matrix and the 

ME matrix perform well. For trips from the Near Suburbs (NS), the MPA matrix fits better 

with the survey data than the ME matrix, except for the NS_Xinzhuang-to-Centre trips. The 

ME matrix tends to overestimate the NS-to-Centre trips by a large margin. 

For trips from the Designated Sub-centres (DS), the MPA and ME matrices show distinct 

error patterns. The MPA matrix tends to underestimate the DS-to-Centre trips and the 

magnitude of error (measured by the percentage difference based on the observed statistics) 

varies significantly across DS locations. The reason for such error patterns remains unclear. 

We have investigated whether the errors are related to the average distance to the Centre or 

the sample rate of the MP data in those locations, but no significant correlation was 

identified. By contrast, the ME matrix outperforms the MPA matrix for DS_Jiading and the 

Far Suburbs (FS) by a significant margin. The ME matrix also fits better for DS_Fengxian 

and DS_Nanhui, albeit the advantage is marginal in absolute terms. 

The comparison between the MP and MPA matrix shows that the Fratar method may not 

only reduce estimation errors for certain locations (e.g. trips from the Designated Sub-

centres) but also incur additional errors (e.g. trips from the Centre and Near Suburbs). The 

sources of errors and how to mitigate the additional errors incurred by the matrix 

manipulation remains a research gap in the literature. Comparing the two methods, our case 

study shows that the MPA matrix may underestimate long-distance trips (above 30 km, from 

the Designated Sub-centres and Far Suburbs to Centre), while the ME matrix tends to 

overestimate trips from the Near Suburbs to the Centre (around 20 km). However, additional 

data are required to identify whether the respective estimation errors are caused by location-

specific or distance-specific factors.  
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Table 4 Comparison of estimated matrix against observed travel survey data – by trip origin and type 

Trip by macro- & meso-zones  

as place of residence 

Travel survey1  Mobile phone (MP) 

sample matrix 

MP-Adjusted (MPA) matrix2 Model estimated (ME) matrix 

%intra %to-Ct %intra %to-Ct Error  
%intra 

Error 
%to-Ct 

%intra %to-Ct Error  
%intra 

Error 
%to-Ct 

%intra %to-Ct Error  
%intra 

Error 
%to-Ct 

Centre (Ct) 93.1% 93.1% 94.4% 94.4% 1% 1% 95.4% 95.4% 2.4% 2.4% 91.4%3 91.4% -1.9% -1.9% 

Near Suburbs (NS) - - 79.1% 15.5%   64.9% 2.8%   62.0% 4.9%   

    NS_Baoshan 72.0% 18.0% 70.6% 19.1% -2% 6% 71.3% 16.8% -1.0% -6.7% 52.3% 36.4% -27.4% 102.1% 

    NS_Hongqiao - - 77.8% 15.6%   57.2% 29.9%   58.8% 29.5%   

    NS_Xinzhuang 75.8% 13.8% 77.8% 17.3% 3% 26% 63.5% 32.3% -16.3% 134.1% 59.7% 29.8% -21.2% 115.7% 

    NS_Chuansha - - 74.9% 12.0%   57.7% 27.6%   59.5% 33.2%   

    NS_Others - - 70.6% 13.1%   55.3% 28.3%   58.5% 29.0%   

Designated Sub-centres (DS) - - 88.0% 1.1%   85.2% 0.5%   85.8% 1.3%   

    DS_Jiading 78.5% 5.2% 83.6% 1.4% 7% -74% 87.1% 0.8% 10.9% -84.8% 77.5% 7.5% -1.3% 44.0% 

    DS_Qingpu 86.6% 2.9% 88.2% 0.9% 2% -70% 87.2% 2.0% 0.6% -32.3% 97.0% 0.9% 12.0% -69.9% 

    DS_Songjiang 85.1% 4.1% 90.2% 1.2% 6% -71% 84.6% 3.3% -0.6% -19.6% 83.8% 5.2% -1.6% 26.6% 

    DS_Fengxian 82.5% 2.0% 85.2% 1.0% 3% -50% 80.3% 1.8% -2.6% -8.2% 82.6% 1.9% 0.1% -2.7% 

    DS_Nanhui 82.0% 3.8% 94.7% 0.4% 15% -90% 86.2% 2.5% 5.1% -35.1% 92.2% 2.8% 12.4% -25.8% 

Far Suburbs (FS) 87.0% 5.4% 89.8% 1.4% 3% -74% 90.0% 2.4% 3.5% -55.6% 89.2% 5.1% 2.5% -6.4% 

    FS_Others - - 70.6% 1.5%   88.2% 2.8%   87.3% 5.9%   

    FS_Chongming - - 99.8% 0.1%   99.6% 0.2%   99.6% 0.3%   

Note:  
1 Data by origin is incomplete. 
%intra: percentage share of intra-trips (origin and destination within the same macro-/meso-zone) as a proportion of total trips from the same origin. 
%to-Ct: percentage share of trips to the Centre as the workplace as a proportion of total trips from the same origin. 
2 The MP-Adjusted (MPA) matrix is the Fratar-adjusted matrix based on the MP sample matrix. Note that the MPA matrix includes a total of 11 zones that have zero commuters; the 
observed constraints for these zones thus are not applicable. 
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4.4 Identifying the complementarity between the MPA and ME matrix 1 

One interesting finding from the comparison in Table 4 is that the direction of error (i.e. 2 

over- or under-estimation) of the MPA and ME matrix tends to be opposite, that is, an 3 

overestimation error by the MPA matrix is often associated with an underestimation error by 4 

the ME matrix. The opposite direction of error implies an analytical complementarity 5 

between the two methods. This complementarity seems discernible in two aspects of our 6 

study. First, the MPA matrix, although it matches the observed data well for some trip 7 

origins, contains 11 locations that do not meet the observed zonal constraints. This is likely to 8 

be caused by the inherent sampling errors in the raw MP data. The ME matrix thus provides 9 

an alternative source for correcting the sampling errors. 10 

Second, the MPA matrix appears to better capture trips from the Centre and the Near 11 

Suburbs than the ME matrix, while the ME matrix outperforms the MP matrix for trips from 12 

some Designated Sub-centre origins and the Far Suburbs. The complementarity of the two 13 

methods seems evident – a combination of the two may help reduce the respective error and 14 

improve the representativeness of the estimated matrix, which neither method can achieve 15 

alone. The new method is discussed in the next section. 16 

5 Combining the MPA matrix and ME matrix – a new approach 17 

5.1 Method for matrix blending 18 

Despite the complementarity discussed above, there is no generic method for combining 19 

the two matrices because the errors are case-specific. It is, therefore, reasonable to propose an 20 

error mitigation method that reflects the merits of the respective matrices. The procedure for 21 

blending the two matrices is explained as follows. 22 

 23 

Step 1: blend the two matrices for selected trips, using the following formula: 24 

𝑀𝑖𝑗
𝑀𝑖𝑥 = 𝛼𝑀𝑖𝑗

𝑀𝑃𝐴 + (1 − 𝛼)𝑀𝑖𝑗
𝑀𝐸 Eq. 4 

where 𝑀𝑖𝑗
𝑀𝑖𝑥 is the blended commuting flow from location 𝑖 to 𝑗; 𝑀𝑖𝑗

𝑀𝑃𝐴 and 𝑀𝑖𝑗
𝑀𝐸 are the 25 

Fratar-adjusted MP matrix and the ME matrix, respectively, and 𝛼 is the mixing rate. For 0 <26 

𝛼 < 1, the mixing rate denotes a blending of the two matrices, and 𝛼 = 0𝑜𝑟1 indicates the 27 

use of a single matrix without blending. According to the error pattern of the respective 28 

matrix, we differentiated𝛼 values across origins and between intra-trips and trips to Centre. 29 

The initial value of 𝛼 is informed by the comparison in Table 4. For example, for trips from 30 

the Centre, the MPA (ME) matrix produces a higher (lower) trip share than the observed data, 31 
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and an initial value of 𝛼 = 0.5 is therefore set for blending the selected trips of the two 1 

matrices. For trips where the MPA matrix significantly outperforms the ME matrix, and the 2 

errors in the two matrices are of the same direction, an initial value of 𝛼 = 1.0 is set, 3 

indicating the use of the MPA matrix alone. Note that for trip origins that have no travel 4 

survey data, we follow the MPA matrix by default (𝛼 = 1.0). This acknowledges the 5 

empirical nature of the MPA matrix. It should also be noted that, for the 11 zones that have 6 

no captured trips in the MPA matrix, trips from/to those zones are replaced by the ME 7 

matrix. The initial set of 𝑎 is summarised in Table 6 (see values parentheses). 8 

The blended matrix 𝑀𝑖𝑗
𝑀𝑖𝑥 is, however, interim for two reasons. First, the blending would 9 

cause 𝑀𝑖𝑗
𝑀𝑖𝑥 to no longer meet the observed zonal constraints. Second, the ACD of the 𝑀𝑖𝑗

𝑀𝑖𝑥 10 

is also likely to change due to the blending. Therefore, the 𝑀𝑖𝑗
𝑀𝑖𝑥 matrix needs to be further 11 

adjusted to correspond to the observed statistics.  12 

 13 

Step 2: apply a multinomial logit model to adjust the interim matrix 𝑀𝑖𝑗
𝑀𝑖𝑥 according to the 14 

observed constraints, which include the total number of commuters by home location (𝑅�̂�) 15 

and workplace (𝐸�̂�) as well as the observed ACD (𝐴𝐶�̂�). The logit model is defined as:  16 

𝑀𝑖𝑗
𝑀𝑖𝑥_𝐴𝑑𝑗

= 𝐸�̂�
𝑒𝜆(ln(𝑀𝑖𝑗

𝑀𝑖𝑥)+𝑍𝑖)

∑ 𝑒𝜆(ln(𝑀𝑘𝑗
𝑀𝑖𝑥)+𝑍𝑘)

𝑘

 Eq. 5 

where 𝑀𝑖𝑗
𝑀𝑖𝑥_𝐴𝑑𝑗

 is the adjusted commuting flow from location 𝑖 to 𝑗; 𝜆 is a dispersion 17 

parameter to be calibrated; and 𝑍𝑖 is a residual term for place of residence 𝑖, which is to be 18 

calibrated conditional to 𝜆. The optimisation problem of solving 𝜆 is the same as the one 19 

defined in Eq. 3 and can be solved accordingly. The proposed model is capable of adjusting 20 

the matrix to meet both observed zonal constraints and the ACD (due to the incorporation of 21 

𝜆), while the Fratar method can only achieve the former. If 𝜆 == 1, the proposed model 22 

would serve the same function as the Fratar method. 23 

 24 

Step 3: refine the mixing rates (𝛼) to produce a best-match 𝑀𝑖𝑗
𝑀𝑖𝑥_𝐴𝑑𝑗

 matrix according to the 25 

observed statistics. Step 3 uses 𝑀𝑖𝑗
𝑀𝑖𝑥_𝐴𝑑𝑗

 from Step 2 as the input, hence Step 2 is embedded 26 

into Step 3. Due to the embedded optimisation problem, the simultaneous estimation of 𝛼 27 

values for all trip origins and destinations is analytically difficult. We thus propose a trial-28 

and-error approach, (1) introducing a unit change in 𝛼 based on the initial value; (2) 29 
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examining the relative change in the matrix error; and (3) if the relative error is reduced, 1 

continuing to adjust the 𝛼 until the matrix error is minimised for the trip category of interest; 2 

if not, reversing the unit change to a different direction and then doing step (2). The method 3 

is then applied to other trip categories sequentially. 4 

It should be noted that the trial-and-error approach is subject to two complications. First, 5 

trips from different origins are interdependent due to exogenous double constraints. 6 

Adjusting the mixing rate for one trip origin may affect trips from other origins. The 7 

estimation process hence needs to be iterated several times until an overall optimum can be 8 

approximated. Our own tests suggest that starting from the trip origin with a larger number of 9 

commuters will often ease the iteration requirement. Second, the interdependence between 10 

intra-trips and trips to Centre suggests that an increase in intra-trips often leads to a 11 

reduction in trips to Centre and vice versa, albeit that the elasticity varies across origins. Our 12 

experience suggests that starting from the trip type with a relatively larger error may be 13 

helpful. In the next section, the performance of the final matrix is discussed. 14 

 15 

5.2 Discussion of results 16 

The performance of the final (blended) matrix is examined in Table 5, where both the 17 

survey data and the MPA matrix statistics are provided for reference. Regarding matching the 18 

observed data, the proposed approach delivers notable improvements – the relative error in 19 

the blended matrix is significantly reduced for most trip origins. One exception is the intra-20 

trips for DS_Songjiang, where the error in the blended matrix is marginally higher than for 21 

the MPA matrix, although the absolute change is minimal. 22 

 23 

Table 5 Comparison of trip statistics – MPA matrix vs Blended matrix 24 

Trip by macro- & meso-zones  

as place of residence 

Travel survey1 

(2009, all trips) 

MP-Adjusted (MPA) matrix Blended matrix 

  %intra %to-

Ct 

%intra %to-

Ct 

Error %intra %to-

Ct 

Error 

%intra %to-Ct %intra %to-Ct 

Centre (Ct) 93.1% 93.1% 95.4% 95.4% 2.4% 2.4% 94.5% 94.5% 1.5% 1.5% 

Near Suburbs (NS) - - 64.9% 2.8%     66.2% 2.8% 
  

    NS_Baoshan 72.0% 18.0% 71.3% 16.8% -1.0% -6.7% 72.7% 17.9% 0.9% -0.6% 

    NS_Hongqiao - - 57.2% 29.9%     48.3% 34.4% 
  

    NS_Xinzhuang 75.8% 13.8% 63.5% 32.3% -

16.3% 

134.1% 74.8% 14.4% -1.3% 4.6% 

    NS_Chuansha - - 57.7% 27.6%     50.4% 30.7% 
  

    NS_Others - - 55.3% 28.3%     52.1% 32.6% 
  

Designated Sub-centres (DS) - - 85.2% 0.5%     84.5% 1.0% 
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Trip by macro- & meso-zones  

as place of residence 

Travel survey1 

(2009, all trips) 

MP-Adjusted (MPA) matrix Blended matrix 

  %intra %to-

Ct 

%intra %to-

Ct 

Error %intra %to-

Ct 

Error 

%intra %to-Ct %intra %to-Ct 

    DS_Jiading 78.5% 5.2% 87.1% 0.8% 10.9% -84.8% 82.0% 5.4% 4.4% 4.0% 

    DS_Qingpu 86.6% 2.9% 87.2% 2.0% 0.6% -32.3% 86.7% 2.6% 0.1% -10.3% 

    DS_Songjiang 85.1% 4.1% 84.6% 3.3% -0.6% -19.6% 84.4% 4.8% -0.8% 17.7% 

    DS_Fengxian 82.5% 2.0% 80.3% 1.8% -2.6% -8.2% 83.5% 1.9% 1.2% -2.7% 

    DS_Nanhui 82.0% 3.8% 86.2% 2.5% 5.1% -35.1% 84.4% 3.8% 2.9% 1.2% 

Far Suburbs (FS) 87.0% 5.4% 90.0% 2.4% 3.5% -55.6% 88.5% 5.2% 1.8% -4.4% 

    FS_Others - - 88.2% 2.8%     86.6% 6.0% 
  

    FS_Chongming - - 99.6% 0.2%     99.0% 0.8% 
  

Note:  
1 Data by origin is incomplete. 

%intra: percentage share of intra-trips (origin and destination within the same macro-/meso-zone) as a proportion of total trips from the 

same origin. 

%to-Ct: percentage share of trips to Centre as the workplace as a proportion of total trips from the same origin. 

 1 

Table 6 The mixing rate (𝛼) – Adjusted values and initial values (in parentheses) 2 

Trip by macro- & meso-zones  

as place of residence 

Trip type 

Intra-trips Trips to Centre 

MPA matrix1 

(𝛼) 

ME matrix1 

(1 − 𝛼) 

MPA matrix 

(𝛼) 

ME matrix 

(1 − 𝛼) 

Centre 0.952 

(0.5)3 

0.05 

(0.5) 

0.95 

(0.5) 

0.05 

(0.5) 

Near Suburbs (NS)4     

NS_Baoshan - 

(1.0) 

1.0 

(-) 

1.0 

(0.5) 

- 

(0.5) 

NS_Xinzhuang 1.0 

(1.0) 

- 

(-) 

1.0 

(0.5) 

- 

(0.5) 

Designated Sub-Centres (DS) 
  

  

DS_Jiading 0.5 

(0.5) 

0.5 

(0.5) 

0.85 

(0.5) 

0.15 

(0.5) 

DS_Qingpu 0.5 

(1.0) 

0.5 

(-) 

1.0 

(1.0) 

- 

(-) 

DS_Songjiang - 

(1.0) 

1.0 

(-) 

1.0 

(0.5) 

- 

(0.5) 

DS_Fengxian 0.1 

(0.5) 

0.9 

(0.5) 

0.1 

(-) 

0.9 

(1.0) 

DS_Nanhui 1.0 

(1.0) 

- 

(-) 

1.0 

(-) 

- 

(1.0) 

Far Suburbs (FS) - 

(-) 

1.0 

(1.0) 

0.9 

(-) 

0.1 

(1.0) 
1 MPA: Fratar-adjusted mobile phone data; ME: model estimation. 2 Adjusted values. 3 Initial values. 4 For trip origins with no observed 

data, mixing rates are not estimated, hence are omitted. 

 3 

The values of the mixing rates are summarised in Table 6. For certain trip origins/types, 4 

the adjusted 𝛼 may differ significantly from the initial value. One such extreme case is trip 5 

origin NS_Baoshan, where a reversed blending scheme (i.e. switching the use of a single 6 

matrix from MPA to ME) is seen for intra-trips. The explanation for this is that the initial set 7 

of 𝛼 values are derived purely based on the horizontal comparison of the two matrices (MPA 8 

matrix and ME matrix) for the same trip origin without considering the interdependences 9 

between trip origins and types. The initial values of 𝛼 are, therefore, only provisional. 10 
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Finally, it is arguable that the improvement delivered by the blended approach is only 1 

numerical but not substantive. It is indeed difficult without additional observed data to 2 

confirm that the improvement is substantive. However, as revealed by the comparison, the 3 

scaling exercise using the Fratar method does lead to a change in error patterns from the 4 

original MP matrix. These errors, if not corrected according to the aggregate travel survey 5 

data, would limit the policy use of the estimated matrix. The proposed method aims to 6 

mitigate the errors from two sources: (1) sampling errors in the raw MP data (e.g. zero-value 7 

cells); and (2) estimation errors incurred by the scaling process. Given the limited benchmark 8 

statistics, the new strategy is shown to significantly reduce such errors. Thus, we argue that 9 

the proposed method has its own methodological merits. 10 

6 Conclusions 11 

Despite extensive literature on using location-based big data for inferring origin–12 

destination matrices, relatively few papers have compared the estimation errors between 13 

methods, nor how the identified errors could be mitigated to improve the representativeness 14 

of the estimated matrix. This paper represents an early step towards addressing this research 15 

gap. We compared a sample commuting matrix derived from MP data for Shanghai, a scaled 16 

matrix using the Fratar method, and a matrix generated by a discrete choice model against 17 

observed travel statistics. The comparison showed a complementarity between the MP matrix 18 

and the ME matrix. A new error mitigation strategy was thus proposed, namely blending the 19 

two matrices according to the respective error patterns, which leads to a significant reduction 20 

in estimation errors.  21 

Our empirical findings suggest that the complementary use of big data and urban 22 

modelling techniques may lead to breakthroughs that neither could achieve alone. It is 23 

expected that the proposed method would establish a new standard for producing robust 24 

commuting matrix estimations based on aggregate travel survey data for cities where detailed 25 

flow data are not yet available. For fast-growing cities where the need for timely land-use and 26 

transport planning interventions is most pronounced, the proposed method can help to 27 

address the acute deficiency in commuting flow data from official sources. It is expected that 28 

the proposed method will set a new standard for correcting potential errors in big-data based 29 

flow estimation.  30 

The research has several limitations. First, we do not consider the socioeconomic 31 

background or travel mode of the commuters. While the lack of socioeconomic information 32 

remains an inherent drawback of the data set, travel mode detection has seen much progress 33 
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in the literature (Bachir et al., 2019; Huang et al., 2019), which could be explored when more 1 

mode-specific data become available. Second, the lack of additional survey data for Shanghai 2 

makes it difficult to identify the source of errors for the respective estimation method. 3 

However, access to detailed survey data is not insurmountable for some cities in China (see 4 

Hu et al., 2019). More empirical research is thus expected to investigate not only the travel 5 

patterns but also the source, magnitude and distribution of errors associated with estimated 6 

trip matrices and corresponding error mitigation methods. 7 

 8 
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