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1. Introduction

Freight Trip Generation (FTG) models are a cornerstone for urban freight research and practice. Their primary role 
is to estimate the number of delivery trips generated by commercial establishments, which is a critical input for both 
short-term management measures—such as curbside regulations and loading zone allocation—and long-term planning 
decisions, including infrastructure development and land use zoning. By linking establishment attributes (e.g., 
economic activity, number of employees or floor area, or location) with freight deliveries, FTG models provide a 
structured way to forecast freight traffic and assess policy interventions.

The quality of FTG models, however, depends directly on the quality of the data from which they are derived. Most 
FTG studies rely on establishment surveys (Sanchez-Diaz 2016), yet the way these surveys are sampled is often under-
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Abstract

Freight Trip Generation (FTG) models link establishment characteristics to delivery activity and are widely used in urban freight 
planning. While their reliability depends on establishment surveys, the implications of sampling design remain poorly understood. 
This paper examines how alternative sampling strategies affect FTG model performance and cost, using population data to sample 
from establishments in Stockholm. The authors compare simple random, stratified, and hybrid sampling across proportional, 
Neyman, and optimal allocation rules, as well as three levels of sector aggregation. Results show that simple random sampling
overrepresents large, low-impact sectors and underrepresents freight-intensive ones. Stratified approaches improve accuracy, but 
only when allocation accounts for sectoral variance and survey costs. Aggregation reduces required sample sizes, with moderate 
aggregation offering a practical compromise and high aggregation suited for strategic planning.
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documented, under-theorized, and treated as a secondary concern. In the literature, details on sample design are scarce,
even though sampling choices strongly influence model performance, estimation costs, and ultimately the reliability 
of policy analysis. A sample designed for evaluating the long-term effects of infrastructure investment may not be 
suitable for assessing the operational impacts of consolidation policies in a specific district. This mismatch risks 
undermining the policy relevance and transferability of FTG models.

This paper addresses that gap by explicitly examining the role of sampling in FTG studies. The paper evaluates 
how different sampling strategies—simple random sampling (SRS), stratified random sampling (STR), and hybrid 
designs—affect model form, estimation accuracy, and data collection costs. It also assesses how these trade-offs shape 
the usefulness of FTG models for various policy purposes. Accordingly, this study is guided by two research questions, 
(1) which sample designs are most appropriate for different types of FTG studies? and, (2) how do sampling design 
choices affect the reliability and cost of FTG models? 

This paper uses data from Stockholm to provide a systematic evaluation of sampling strategies in FTG research, 
offering guidance for both modeling practice and policy-oriented data collection. The remainder of the paper is 
organized as follows: Section 2 outlines the key principles of sampling theory. Section 3 describes the conceptual 
framework of FTG models. Section 4 presents the methodology adopted in this study. Section 5 describes the main
results of this research, while the final section summarizes the key findings and policy implications.

2. Sampling Theory and Background 

The reliability of establishment-based FTG models depends fundamentally on the sampling strategies used to 
collect data. Since it is impractical to survey all establishments in a city, researchers must rely on a sample of units, 
and the quality of this sample conditions both model performance and policy relevance. Despite this, several problems 
are recurrent in FTG sampling practice. First, non-random or convenience samples introduce bias by over-representing 
certain types of establishments. Second, the omission of relevant establishment attributes limits explanatory power 
and weakens the statistical robustness of models. Third, some freight-intensive sectors are frequently under-
represented, which leads to systematic underestimation of freight trips. Finally, poor documentation of sampling 
procedures makes it difficult to replicate results or assess external validity. Together, these issues produce some
negative consequences: mis-estimated trip volumes, inaccurate forecasts of policy impacts, limited transferability of 
results across contexts, and potential misalignment between model outputs and urban freight interventions.

From a statistical perspective, a well-designed sample aims to balance representativeness and cost. Let the total 
population of establishments be N, divided into H strata of size Nh. A sample of size 𝑛𝑛𝑛𝑛 can be drawn using different 
strategies. In Simple Random Sampling (SRS), each unit has equal probability of selection (Cochran 1977), with 
expected sample variance given by Equation 1, where s1 and y�1 are the estimated population standard deviation and 
mean,  𝑡𝑡𝑡𝑡𝛼𝛼𝛼𝛼/2 the critical value of the t-distribution at α/2, 𝑟𝑟𝑟𝑟 the desired relative error and 𝑛𝑛𝑛𝑛1 the pre-sample size. SRS 
is straightforward to implement but assumes relative homogeneity across establishments, which rarely holds in urban 
freight. Stratified Random Sampling (STR) addresses this limitation by dividing the population into strata according 
to sectoral or other relevant attributes (Cochran 1977). The overall sample mean, i.e., 𝑦𝑦𝑦𝑦𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠����, is then a weighted average 
of stratum-specific means (see Equation 2), where the weights are defined as Wh =Nh/N.

𝑛𝑛𝑛𝑛 𝑛 𝑛𝑠𝑠𝑠𝑠1 𝑠𝑠𝑠𝑠𝛼𝛼𝛼𝛼/2
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𝑦𝑦𝑦𝑦𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠���� = ∑ 𝑊𝑊𝑊𝑊ℎ𝑦𝑦𝑦𝑦ℎ���ℎ=1            (2) 

Sample size allocation across strata is central to STR. Under Proportional Allocation (PA), nh=nWh, which reflects
population structure without accounting for heterogeneity, while Neyman Allocation (NA) adjusts for stratum variance, 
giving more weight to high-variance strata (Equation 3). Optimal Allocation (OA) further incorporates data collection 
costs (see Equation 4), allocating observations based on both variance and per-unit cost (cₕ).
𝑛𝑛𝑛𝑛ℎ = 𝑛𝑛𝑛𝑛 𝑁𝑁𝑁𝑁ℎ𝑠𝑠𝑠𝑠ℎ
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In practice, hybrid designs that combine elements of SRS and STR are often employed to balance simplicity and 
representativeness. Furthermore, aggregation choices—such as grouping sectors into broader categories—can reduce 
sample sizes and costs, but at the expense of detail. These methodological choices must therefore be aligned with the 
intended purpose of the FTG model: while long-term infrastructure planning may tolerate aggregated sampling, 
operational studies for curbside management or consolidation require more detailed and representative designs.

3. Freight Trip Generation (FTG) Models

FTG models establish the relationship between establishment characteristics and the number of freight trips they 
generate over a given time period. Their main function is to serve as input for estimating freight traffic volumes, which 
are essential for both operational policies (e.g., allocation of curb space, consolidation schemes) and long-term 
planning (e.g., infrastructure and land-use development) (Holguín-Veras & Sánchez-Díaz, 2016).

Most FTG models are specified as regression equations of the form (Sanchez-Diaz 2016):
𝑌𝑌𝑌𝑌𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼 + ∑ 𝛽𝛽𝛽𝛽𝑘𝑘𝑘𝑘𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝐾𝐾𝐾𝐾

𝑘𝑘𝑘𝑘=1 + 𝜀𝜀𝜀𝜀𝑖𝑖𝑖𝑖 (5)

Where Yi is the number of trips generated by establishment i, Xik represents the kth explanatory variable describing 
the size of the establishment, βk are the estimated coefficients, and εi is the error term. The interpretation of these 
coefficients depends on the sample: over- or under-representation of sectors may bias βk or limit external validity. The 
choice of explanatory variables and the aggregation level of economic activities is crucial. Highly disaggregated 
models capture heterogeneity better but require larger samples, while aggregated models reduce sampling 
requirements and estimation variance but obscure sector-specific effects. This study tests different aggregation levels.

A literature review shows that the two most common sampling techniques in establishment-based FTG studies are 
SRS and STR. In SRS, sample sizes are often estimated using widely known formulas from the survey sampling field 
(Dhonde and Patel 2021, Pani, Sahu et al. 2021, Pani, Sahu et al. 2023). While SRS is straightforward and statistically 
robust, it assumes homogeneity across sectors, which is limiting since different sectors generate distinct trip patterns.
Alternatively, some studies have used STR to better capture heterogeneity across sectors (Lawson, Holguín-Veras et 
al. 2012, Alho and de Abreu e Silva 2015, Sánchez-Díaz, Holguín-Veras et al. 2016, Gonzalez-Calderon, Sanchez-
Diaz et al. 2018, Holguín-Veras, Ramirez-Rios et al. 2019, Cheah, Mepparambath et al. 2021), though reporting of 
procedures is often limited. In many cases, sectoral allocation is described only in general terms, and sample sizes are 
justified by resource constraints or by the minimum number of observations required to run a statistically valid model,
rather than by explicit allocation rules. Samples are frequently defined as a population percentage or drawn from earlier 
surveys, leaving open the question of how to balance representativeness, sectoral variability, and cost.

Model performance is evaluated through both estimation accuracy (root mean squared error, RMSE; standard errors 
of coefficients) and predictive validity (comparing total FTG estimates to benchmarks). This dual approach ensures 
that models are not only statistically robust but also meaningful for policy applications.

It is noteworthy that the relationship between FTG model quality and sampling design lies in how well the sample 
captures sectoral heterogeneity. Stratified and hybrid designs can reduce the variance of coefficient estimates by 
ensuring representation of high-variance sectors, while simple random samples risk imbalances that inflate errors. At 
the same time, data collection costs increase with disaggregation, creating a trade-off between detail and feasibility.

4. Methodology 

To empirically assess the implications of sampling design for FTG modelling, the authors used establishment data 
from Stockholm. The total number of establishments includes 11,279 establishments across seven economic sectors. 
The geographical area of the study was selected based on the target of the urban freight strategies formulated in the 
Stockholm Freight Plan. From this population, the authors designed and drew samples under different strategies and 
evaluate the resulting FTG models in terms of statistical performance, predictive accuracy, and data collection costs.

4.1. Sampling Strategy: Design and Assessment

The method for this paper follows five steps:
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1. Pre-sample model specification. A reference FTG model is estimated to serve as a benchmark (Sanchez-
Diaz 2016). This model links freight trips per establishment to explanatory variables such as employment, 
floor area, and sectoral classification.

2. Computation of sample sizes. For each sampling strategy, sample sizes are calculated using standard 
formulas (see Section 2), ensuring comparability in confidence and precision levels. Both simple random 
sampling (SRS) and stratified random sampling (STR) designs are tested, along with hybrid approaches that 
combine proportional SRS with stratification in selected sectors.

3. Sample selection and aggregation levels. Establishments are drawn according to each design. In the 
stratified case, the authors also test alternative levels of sectoral aggregation, since the degree of 
disaggregation influences both cost and accuracy:

o AL1: All seven sectors modeled separately (maximum detail).
o AL2: Retail sectors and food services are combined into broader categories, reducing the number of strata.
o AL3: In addition to AL2, wholesale and manufacturing are aggregated, further reducing complexity.

These aggregation levels are not based on generic sampling theory, but design choices specific to this study, 
reflecting the balance between policy detail and resource constraints. For each aggregation level, proportional 
allocation (PA), Neyman allocation (NA), and optimal allocation (OA) are applied.

4. Model estimation. For each sample, FTG models are estimated using ordinary least squares (OLS). 
Estimated coefficients, standard errors, and overall fit are compared against the population benchmark to 
assess the impact of sampling design on model form and parameter stability.

5. Validation and performance evaluation. Model outcomes are evaluated across three dimensions:
o Estimation accuracy, measured by the RMSE of predictions relative to observed trips in the sample.
o Predictive validity, assessed by comparing total FTG estimated from each sample-based model against a 

random sample from the FTG benchmark dataset using Leave-One-Out-Cross-Validation.
o Cost efficiency, calculated by multiplying the number of observations required under each design by the 

estimated per-survey cost in euros.

4.2. Case Study Context

The Stockholm case is well-suited for this analysis, with detailed establishment records stratified by sector and 
location and an active freight plan linking establishment activity to policy measures. Comparing models across 
sampling designs, aggregation levels, and allocation rules, this case illustrates trade-offs between accuracy, 
representativeness, and cost, providing policy-relevant guidance for selecting FTG sampling strategies.

Although an ideal dataset would contain FTG for the entire population to benchmark sample-based FTG models 
against ground truth, this is rarely possible in practice. Alternatively, the authors use the data from studies conducted 
in Sweden to test the different sampling strategies: the FTG study in Gothenburg (Sanchez-Diaz 2016) is used for pre-
sample and the FTG study in Stockholm (Sánchez-Díaz 2018, Sanchez-Diaz 2020) for assessment.

The sample for the FTG study in Stockholm (n=388) was selected using a random drawing from a database 
containing all the establishments in the study area. The sample size was determined based on the FTG mean and 
variance from previous studies conducted in Gothenburg, Sweden (Sanchez-Diaz 2016). The data were segmented 
into eight different strata using commercial sectors as designated by the Swedish National Industry (SNI) codes. This 
paper focuses on the data collected for the following sectors: accommodation (A), food services (FS), retail perishable 
(RP), retail non-perishable (RNP), wholesale (W), manufacturing (M) and offices (O) (see Table 1).

5. Results

5.1. Sample Sizes Across Designs

Table 2 shows the required sample sizes under different designs using Table 1 inputs (5% significance level, 4% 
target relative error). Sample sizes were adjusted when exceeding available data (set to maximum) or too small for 
FTG estimation (set to 12). For simple random sampling (SRS) with all seven sectors (AL1), the estimated minimum 
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sample size is 296 establishments. In contrast, stratified random sampling (STR) with greater aggregation and optimal 
allocation (AL3, OA) needs only 73 establishments, reflecting the efficiency gains from targeted allocation. 
Intermediate designs, such as hybrid SRS–STR, yield sample sizes between these extremes. These results illustrate 
the strong influence of both aggregation level and allocation rule on the number of establishments to be surveyed.

Since the OA method accounts for cost, and the W sector has the highest data collection cost (along with O), its 
sample size under OA is lower than under NA. In contrast, although the RP sector also has high variability, its small 
population size requires adjusting sample sizes across all allocation methods. Notably, total sample sizes with PA 
method are always larger than with NA or OA—even when no adjustments are made (e.g., in SRS-STR). This is 
because PA ignores sectoral variance, thus requiring equal or larger sample sizes to meet the same relative error 
threshold. 

Table 1. Input data to estimate the sample sizes in Stockholm. 

Sector FTG Reg Mean 
(trips/week)

FTG Reg Std 
Dev (trips/week)

Population 
Size

Pre-sample 
Size

Cost 
(€/unit)

Max 
Sample Size

Accommodation (A) 6.12 0.41 190 95 57.72 47
Food Services (FS) 5.39 0.67 1896 41 57.72 44
Manufacturing (M) 9.32 1.09 245 125 57.72 22

Offices (O) 3.74 0.48 8537 256 115.44 117
Retail non-perishable (RNP) 4.33 1.15 2514 65 57.72 63

Retail Perishable (RP) 9.30 1.91 519 53 57.72 65
Wholesale (W) 18.78 3.23 932 414 115.44 30

Accommodation and Food services (A&FS) 5.61 0.43 2086 136 57.72 91
Retail (R) 5.98 1.10 3033 118 57.72 128

Wholesale and Manufacturing (W&M) 17.26 2.49 1177 539 103.43 52

Table 2. Sample sizes obtained for each sample design.

Sector
AL1 AL2 AL3

SRS STR SRS SRS-STR STR SRS SRS-STR STR
SRS NA OA PA SRS NA OA PA NA OA PA SRS NA OA PA NA OA PA

A 16 12 12 12 12 12 12 12 12 12
FS 44 12 12 19 44 44 43 44 44 43
M 22 12 12 12 22 22 22 22 12 12 12 12 12 20
O 56 28 24 83 56 56 56 56 24 21 69 56 56 56 56 23 21 57

RNP 63 20 24 25 63 63 63 63 63 63
RP 65 12 12 12 50 50 36 50 50 36
W 30 21 18 12 30 30 30 30 18 16 12 30 30 30

A&FS 21 12 12 17 21 12 12 14
R 116 20 25 25 116 19 24 21

W&M 52 17 16 12
Total 296 117 114 175 245 277 277 262 86 86 135 245 267 267 260 71 73 104

Note: *In shadow the sample sizes that had to be adjusted. 

5.2. Model Performance

Estimation accuracy is first assessed using the root mean squared error (RMSE). Models estimated with SRS at 
AL1 and hybrid SRS–STR designs at AL2 achieve the lowest RMSE values, indicating superior predictive 
performance. In contrast, pure STR designs at AL2 perform poorly, particularly in sectors with small population 
weights but high variance, where under-sampling leads to unstable coefficients. Overall, hybrid designs balance the 
benefits of randomization with the representativeness of stratification, resulting in models that approximate the 
population benchmark most closely.

5.3. Estimation Validity

Estimation errors are further analyzed by comparing model predictions with observed trips in the population. The 
lowest relative errors are observed for SRS (AL1) and SRS–STR (AL2), which remain within 5% of the benchmark. 
STR-based models exhibit higher errors in low-weight, high-variance sectors, confirming the sensitivity of regression 
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coefficients to uneven representation. These results suggest that while STR can reduce variance theoretically, in 
practice it may underestimate freight activity in certain sectors if allocation is not carefully calibrated.

5.4. Total FTG Estimates

The total reported freight trips per week in the benchmark dataset in Stockholm is 160,904. The SRS (AL1) design 
yields an almost identical estimate (160,904), while SRS–STR (AL2) produces a total of 160,243, a difference of only 
0.4%. By contrast, STR designs systematically underestimate total trips, with deviations that can exceed 5%. This 
finding underlines the importance of matching sampling design to policy application: while small deviations may be 
acceptable for exploratory analysis, underestimation of demand could seriously misinform infrastructure planning.

5.5. Data Collection Costs

Data collection costs were calculated by multiplying required sample sizes by an estimated cost per survey based 
on previous experience. Under this assumption, SRS (AL1) would cost approximately €22,000, compared to only 
€6,200 for STR with OA at AL3. Hybrid designs fall in between, with costs around €21,000. This highlights the 
financial advantages of aggregated STR designs, although these come at the expense of predictive accuracy.

5.6. Trade-offs Between Cost and Accuracy

Taken together, the results reveal a clear trade-off. Disaggregated samples (SRS, AL1) maximize model accuracy 
but are costly. Aggregated stratified samples (STR, AL3, OA) minimize cost but systematically underestimate trips. 
Hybrid approaches provide the most balanced outcome, delivering acceptable accuracy at moderate costs. From a 
policy perspective, the choice of design should therefore be aligned with the intended application: short-term urban 
management requires higher accuracy and thus larger samples, while long-term strategic planning may tolerate 
aggregated designs at lower cost.

6. Discussion and Policy Implications

The results show that the performance of FTG models depends not only on statistical efficiency but also on sector 
heterogeneity and practical constraints in data collection. By linking sector characteristics, allocation rules, and 
aggregation levels, it can be better understood how sampling design decisions translate into policy-relevant outcomes.

6.1. Sectoral Priorities in Sampling

As summarized in Table 4, sectors differ sharply in terms of population size, freight intensity, and variance. High-
variance, high-intensity sectors such as retail perishable and wholesale are critical for reliable FTG estimation, yet 
they are often under-sampled in simple random designs. Conversely, large but low-intensity sectors such as offices 
absorb a disproportionate share of the sample in proportional allocation, yielding little marginal information for freight 
modeling. This implies that purely random or proportional strategies are misaligned with the structure of freight 
activity, and careful prioritization of sectors is needed to avoid systematic bias in trip estimation.

Table 3: Implications of sectors FTG characteristics for the sampling strategy. 
FTG

Sector Obs. Mean Variance Cost Allocation Strategy Sampling Method
A Small Moderate Very low Low Low priority Undersampled in SRS
FS Large Moderate Low Low Medium priority Well covered in SRS
M Small High Moderate Low Medium priority; downsized under OA Undersampled in SRS
O Very large Very low Very low High Overallocated in PA; down-weight in OA Overrepresented in SRS

RNP Large Moderate High Low High priority under NA/OA Adequately covered
RP Moderate High Very high Low Very high priority At risk of being missed in SRS
W Moderate Very high Very high High Adjust for cost in OA Undersampled in SRS
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6.2. Implications of Allocation Strategies

The choice of allocation strategy has significant implications for both accuracy and cost (Table 5). Proportional 
allocation is simple to implement but tends to over-sample sectors like offices, resulting in inefficiencies. Neyman 
allocation improves statistical efficiency by directing observations toward sectors with high variance, such as 
wholesale or retail perishable, but may become cost-prohibitive. Optimal allocation provides a middle ground by 
incorporating cost considerations, ensuring that high-variance but costly sectors such as manufacturing and wholesale 
are not oversampled. From a policy standpoint, this makes OA more suitable for large-scale or resource-constrained 
surveys, while NA may be preferable in research contexts where cost is less of a concern.

Table 4: Implications of allocation strategy for FTG studies.
Allocation Strategy Why? Implication Example

Proportional 
Allocation (PA)

Allocates samples by sector’s 
population share.

Simple, but may oversample large low-
impact sectors and miss critical ones.

Offices (many sites, low FTG) 
receive large samples.

Neyman Allocation 
(NA)

Allocates more samples to sectors 
with higher FTG variance. 

Statistically efficient; prioritizes 
heterogeneous sectors.

Wholesale (moderate size, high FTG 
variance) receives larger samples.

Optimal Allocation 
(OA)

Balances variance and data 
collection cost.

Cost-efficient; optimizes sample 
allocation under budget limits.

Wholesale (high variance & cost) 
gets fewer samples than under NA.

6.3. Aggregation and Policy Applications

Sector aggregation (Table 5) is another critical dimension. At the most detailed level (AL1), sectors are kept 
separate, allowing policymakers to capture fine-grained differences in FTG patterns. This is particularly valuable for 
operational measures, such as curbside regulations or consolidation schemes, where the spatial and temporal behavior 
of freight differs strongly across sectors. Moderate aggregation (AL2) reduces complexity while preserving the main 
differences across freight-intensive activities, offering a pragmatic balance between detail and feasibility. High 
aggregation (AL3) is cost-effective and easier to implement but masks sectoral distinctions, making it more suitable
for long-term strategic planning where broad trends are more important than sector-specific interventions.

Table 5: Implications of aggregation level for FTG sampling. 
Aggregation Level Sector Groupings Description

AL1 – Full 
Disaggregation

No grouping applied Each sector treated as a separate stratum; maximum 
resolution in sectoral analysis.

AL2 – Moderate 
Aggregation

-Combined Accommodation & Food Services (A&FS) -
Combined into Retail (R) -W, M, O separate

Sectors with similar service characteristics grouped; 
reduces number of strata while preserving detail.

AL3 – High 
Aggregation

-A&FS (as above) -R (as above) -W & M combined into 
Wholesale & Manufacturing (W&M) -O remains separate

Most consolidated structure; reduces complexity and 
balances strata sizes for cost-effective sampling.

6.4. Policy Relevance of Sampling Choices

Taken together, these findings highlight that sampling choices must be explicitly aligned with the intended use of 
FTG models. For short-term management (e.g., loading zones, delivery windows, consolidation pilots), disaggregated 
samples with careful allocation (AL1/AL2) are essential to capture sectoral detail. For long-term planning (e.g., freight 
corridors, zoning, or infrastructure investment), aggregated designs (AL3 with OA) may provide a sufficient level of 
accuracy at a fraction of the cost. Importantly, the results demonstrate that no design is universally superior; instead, 
sampling must be treated as a design variable itself, with transparent documentation of its rationale and limitations.

7. Conclusions

This paper has examined the implications of sampling design for FTG models through an empirical case study of 
Stockholm. By systematically comparing simple random sampling, stratified sampling, and hybrid designs across 
different allocation rules and aggregation levels, the paper demonstrates that sampling decisions exert a decisive 
influence on model accuracy, predictive validity, and data collection costs.
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The results confirm that simple random sampling, while easy to implement, tends to misrepresent high-variance 
freight-intensive sectors and over-sample large but low-impact ones. Stratified and hybrid approaches improve 
accuracy by ensuring representation of critical sectors, but their efficiency depends strongly on allocation and 
aggregation choices. Neyman allocation directs observations toward high-variance sectors, enhancing statistical 
efficiency but at high cost, while optimal allocation balances accuracy and budget constraints. Similarly, aggregation 
reduces costs but at the expense of sectoral detail, with AL2 emerging as a pragmatic compromise and AL3 more 
suitable for strategic planning.

From a policy perspective, these findings underscore that there is no single “best” sampling strategy. Instead, the 
design must be aligned with the purpose of the FTG model: disaggregated, carefully allocated samples are needed for 
short-term management measures, while aggregated and cost-efficient designs may suffice for long-term strategic 
planning. Across all cases, transparent documentation of sampling procedures is essential to ensure reproducibility, 
comparability across studies, and credibility in policy analysis.

By providing the first systematic empirical evaluation of FTG sampling strategies, this study contributes both to 
research and practice. For researchers, it highlights the methodological importance of treating sampling as a central 
design variable rather than a technical afterthought. For practitioners, it offers guidance on how to balance accuracy 
and cost when commissioning establishment surveys for freight planning. Future work should extend this analysis to 
other urban contexts and explore how sampling interacts with emerging data sources such as digital transaction records 
or sensor-based observations.
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