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Abstract: The increasing availability of satellite and street-view images offers new opportunities for 

visual AI in commuting mode share analysis. However, few studies have systematically examined how 

different visual representations of the built environment encode census tract-level commuting mode 

shares. This study evaluates the predictive and interpretative performance of satellite and street-view 

imagery for modeling census tract-level commuting mode shares in Florida, USA. We apply semantic 

segmentation to extract land-use and streetscape features from both imagery types and integrate them 

with socio-demographic data in multiple machine learning models. We further apply SHAP (SHapley 

Additive exPlanations) to interpret how visual features contribute to model predictions across 

commuting modes. Results show that satellite imagery generally outperforms street-view imagery in 

terms of out-of-sample R2, although the magnitude of improvement varies across models, travel 

modes, and satellite zoom levels. For the tree-based models, the relative improvement of satellite 

imagery over street-view imagery typically ranges from approximately 2% to 8%. Lower zoom levels 

with a broader spatial context better predict driving and transit use, whereas higher zoom levels with 

finer details improve walking and biking prediction. Despite the performance differences, SHAP 

analysis reveals largely consistent predictive associations: lower-density and more vegetated 

environments are associated with higher car dependence, while denser and pedestrian-oriented 

environments are associated with higher transit and active mode shares. This study demonstrates the 

value of interpretable GeoAI in linking visual urban form to commuting mode shares. The results 

highlight the importance for planners of using both satellite and street-view imagery, as the two data 

sources offer complementary capacities for interpreting neighborhood-level commuting mode-share 

patterns. The proposed approach can help practitioners compare neighborhoods and flag areas where 

commuting patterns or visible built-environment conditions warrant closer transportation or land-use 

analysis. 
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1 Introduction 

Predicting travel mode share is essential to understanding how people interact with 

urban environments and to inform urban planning and travel decisions. However, mode-

share data are often sparse, temporally dated, and spatially incomplete, which can limit 

their usefulness for timely and large-scale assessment. This creates a need for methods 

that can estimate commuting mode-share patterns across large areas using more widely 

available data sources. For practitioners, these estimates can help compare neighborhoods 

and identify places that may need further transportation or land-use analysis. In recent 

years, satellite imagery and street-view imagery have emerged as valuable resources for 
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uncovering commuting mode share. Prior research has demonstrated that such imagery, 

being globally available and publicly accessible, can be used to predict a wide range of 

urban indicators, including socioeconomic characteristics (Jean et al., 2016), land use 

(Albert et al., 2017), and travel patterns (Goel et al., 2018). Beyond enhancing predictive 

accuracy, satellite imagery and street-view imagery enable the fine-grained extraction of 

built environment features, thereby deepening our understanding of how urban form 

influences travel mode share (Hipp et al., 2022; Wu et al., 2023). 

Recent studies have increasingly used satellite and street-view imagery to predict 

travel mode shares (Ganji et al., 2022; Gebru et al., 2017), without comparing the 

performance between these two types of images, presenting a significant research gap. 

Satellite images provide a broad spatial coverage and capture large-scale land use and 

infrastructure patterns, while street view images offer detailed, ground-level perspectives 

of the urban environments. Without comparing both types of imagery, studies may have 

missed opportunities to improve predictive accuracy and develop a better understanding 

of how different environmental factors are associated with aggregate travel patterns. Xie 

et al. (2016) and Yuan et al. (2020) show the potential of both types of imagery, yet their 

relative performance remains largely unexplored. The lack of comparative analysis 

prevents researchers and practitioners from choosing appropriate image sources to make 

more accurate and interpretable prediction of travel patterns in a variety of urban 

contexts. 

Given that satellite and street view images are both important imagery inputs, it is 

essential to compare their performance and identify the optimal spatial resolution of 

urban imagery for commuting mode-share prediction. Figure 1 provides sample satellite 

and street-view images used in this study, illustrating the different visual perspectives 

captured by the two imagery sources. However, there has been minimal investigation into 

how different spatial resolutions, particularly satellite imagery at varying spatial 

resolution, affect predictive performance. Ayush et al. (2020) and Jean et al. (2016) 

applied satellite imagery at specific resolutions but did not systematically compare the 

effect of spatial resolution, leaving questions regarding the optimal spatial resolution to 

capture relevant urban attributes that influence travel behavior. 

By directly comparing satellite and street-view imagery and examining the effects of 

satellite image scale, this study evaluates how different imagery sources and Google 

Maps satellite zoom levels affect census-tract-level commuting mode-share prediction 

performance, and how segmentation-derived built-environment features contribute to 

model interpretation. The analysis focuses on aggregate commuting mode-share patterns 

at the census-tract level rather than disaggregate individual- or trip-level travel decision-

making. The key contributions are as follows: 

● We develop an image-based modeling framework for census tract-level 

commuting mode-share prediction. Built-environment features extracted from 

satellite and street-view imagery using pre-trained semantic segmentation models 

are combined with sociodemographic variables and evaluated using multiple 

machine learning algorithms, including multiple linear regression (MLR), 

random forest (RF), and gradient boosting decision trees (GBDT). 

● We examine how prediction performance differs across imagery sources and 

satellite spatial scales. Specifically, we compare street-view imagery with 

satellite imagery and evaluate satellite imagery across zoom levels 14–17 to 

assess how broader spatial context and finer local detail affect commuting mode-

share prediction. Here, zoom level refers to the Google Maps image retrieval 
setting that controls the spatial extent and visible detail of the downloaded 

satellite image. 
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● We compare the interpretability of satellite and street-view imagery by 

integrating semantic segmentation with SHAP (SHapley Additive exPlanations) 

analysis. SHAP is an interpretable machine-learning method that quantifies how 

each input feature contributes to a model prediction. This comparison examines 

how the different visible built-environment features derived from each source 

contribute to tract-level commuting mode-share prediction and interpretation. 

The comparative results help clarify how different visual representations encode 

distinct dimensions of the built environment. Satellite imagery captures macro-scale land-

cover and spatial-structure features, while street-view imagery captures micro-scale 

streetscape conditions. By comparing these two imagery sources for the same census 

tracts, this study helps distinguish effects attributable to visual representation from those 

attributable to regional context. 

The remainder of this paper is organized as follows. Section 2 reviews related studies 

on imagery-based urban analysis and travel mode-share prediction. Section 3 describes 

the data used in this study. Section 4 presents the methodological framework. Section 5 

reports the empirical results, including the comparison of predictive performance across 

imagery sources and satellite zoom levels, two illustrative case studies, and the SHAP 

analysis of imagery-derived features. Section 6 concludes the paper by summarizing the 

main findings, discussing planning and methodological implications, and outlining 

limitations and future research directions. 

2 Literature review 

Many studies have explored the relationship between urban environment and travel 

behavior, which serves as essential basis for policy decisions in urban and transportation 

planning. Prior research on travel behavior has predominantly relied on structured, 

tabular data—such as socio-demographic attributes, land-use characteristics, and 

transportation network variables—because these inputs integrate naturally into traditional 

statistical and machine learning models. Crane (2000) offered an in-depth review of 

foundational studies examining the relationship between urban form and travel behavior. 

Foundational studies and meta-analyses have consistently demonstrated the impact of the 

built environment on travel outcomes, including trip frequency, mode choice, and travel 

distance. More specifically, built-up density and land-use mix are commonly associated 

with lower automobile dependence and greater use of public transit and active modes 

(Cervero & Kockelman, 1997; Ewing & Cervero, 2010). Pedestrian-oriented 

infrastructure, including sidewalks and connected street networks, is closely related to 

walking and walkability (Ewing & Handy, 2009; Saelens et al., 2003). A number of 

empirical studies have investigated travel behavior in greater detail, focusing on specific 

population groups, travel modes, and spatial settings. Zhang et al. (2008) investigated 

female travel behavior in terms of travel rate, consumption, trip purpose, and mode using 

data from the Beijing 2005 travel survey. Larsen and El-Geneidy (2011) examined 

cycling facility use in Montréal, Canada, and found that both route-level built-

environment factors and personal cycling habits influenced facility use. Cycling facility 

availability, CBD destination location, accident exposure, and intersection density were 

associated with route choice, while respondents’ bicycle-use frequency and comfort 

under different cycling conditions also shaped cycling facility use. Hong et al. (2014) 

employed Bayesian hierarchical models to examine the influence of built-environment 

factors measured across various geographic scales on travel behavior. A major advantage 

of such traditional dataset is their tabular structure and thus can be easily used as model 
input for travel behavior modeling. Although such datasets remain highly useful for 

transportation analysis, assembling built-environment indicators in tabular form can be 
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labor-intensive, and the available variables may not always capture visually observable 

urban form in a consistent and scalable way across locations. 

 

Figure 1. Exemplary satellite and street view images 

To overcome this limitation, recent studies have increasingly used satellite imagery 

and street-view imagery data as complementary and potentially less labor-intensive 

sources for characterizing urban settings. These images have proven effective in 

predicting a range of urban variables. For instance, Jean et al. (2016) demonstrated that a 

convolutional neural network (CNN) could extract features from satellite images to 

explain up to 75% of the variation in local economic outcomes. Similarly, Albert et al. 

(2017) utilized large-scale satellite imagery combined with deep CNN methods to 

analyze land-use patterns in urban neighborhoods, while Ayush et al. (2020) successfully 

predicted local poverty levels by applying object detection techniques to high-resolution 

satellite images. Beyond improving predictive accuracy, satellite imagery enables the 

detailed extraction of urban features, thereby enhancing our understanding of how the 

built environment impacts various target variables, including travel behavior. Prior 

remote-sensing studies have shown that satellite imagery can be used to extract 

interpretable land-cover and built-environment features (Bagwari et al., 2023; Ma et al., 

2019; Neupane et al., 2021). These studies underscore the dual benefits of satellite 

imagery: not only does it enhance the predictive performance of models for critical urban 

variables, but it also allows for the extraction of interpretable built-environment features, 

such as building density, road coverage, vegetation and water, which can contribute to 

interpretable visual AI and GeoAI research. Here, GeoAI refers to the integration of 

geospatial data, artificial intelligence, and spatial analytical methods for modeling and 

interpreting spatial patterns in urban systems. Visual AI refers to computer vision and 

machine learning methods that convert visual data into structured and interpretable built-

environment features. (Berriel et al., 2017; Ning et al., 2022) 

Selecting the appropriate zoom level for satellite imagery is critical, as it directly 

affects both the spatial extent and the level of detail captured in the images. Existing 

studies have employed a range of zoom scales—from high-resolution, block-level 

analyses (Novack & Stilla, 2018; Tapiador et al., 2011), to neighborhood-level (Jing et 

al., 2020) and even city-level examinations (Kuang & Dou, 2020). High-resolution 

imagery provides detailed information about specific areas, albeit over smaller spatial 

extents, whereas lower-resolution imagery covers larger areas but with less granular 



                                        

 

417 Urban visual AI for travel behavior prediction: A comparative analysis of imagery 

detail. This inherent trade-off continues to pose a challenge in determining the optimal 

spatial resolution for satellite image analysis. 

In addition to satellite imagery, street view images have become increasingly valuable 

in urban research, offering human-perspective views of city environments. Recent studies 

have utilized street view images for various urban prediction tasks. For example, Naik et 

al. (2014) used Google Street View images to predict perceived safety at the 

neighborhood level, while Goel et al. (2018) demonstrated that street imagery could be 

used to estimate city-level travel patterns. Other works, such as those by Cheng et al. 

(2017) and Wang et al. (2021) extracted built environment features from street images to 

study associations with urban form. Fan et al. (2023) found that urban features extracted 

from street view images can predict a variety of city profiles, including people’s travel 

behavior, poverty status, crime, and health behaviors. Beyond enhancing predictive 

performance, street-view images facilitate interpretative analyses by allowing researchers 

to extract semantic information about urban features. Semantic segmentation models 

have been widely used to convert street-view images into interpretable streetscape 

features (Chen et al., 2018; He et al., 2017). These extracted semantic features not only 

improve the accuracy of urban outcome predictions but also deepen our understanding of 

the relationship between urban characteristics and variables such as public health 

(Nguyen et al., 2019), crime (Hipp et al., 2022), and travel behavior (Wu et al., 2023). 

Some studies discussed the applications and characteristics of the two types of images 

in urban research (W. Li et al., 2023; Nice et al., 2020), however, to the best of our 

knowledge, there is no former paper which directly compared the predictive performance 

of these two types of imagery. A key research gap lies in the lack of direct comparison 

between the predictive performance of satellite imagery and street view imagery for 

travel behavior prediction. Although both imagery types are extensively utilized in urban 

and transportation research, prior studies have largely focused on the individual 

contributions of each imagery type. Satellite imagery has been widely applied in tasks 

such as urban feature segmentation (Yi et al., 2019), traffic volume prediction (Ganji et 

al., 2022), and integration with socio-demographic data for travel behavior modeling 

(Wang et al., 2024). Similarly, street view imagery has been employed to measure social 

and environmental inequalities (H. Zhou et al., 2019), predict neighborhood 

demographics (Gebru et al., 2017; Nguyen et al., 2021), and enhance traffic safety (Cai et 

al., 2022; Hamim & Ukkusuri, 2024). However, no prior studies have systematically 

evaluated their comparative advantages or unique contributions to predictive modeling of 

travel behavior. This gap concerns not only prediction accuracy, but also whether features 

derived from satellite and street-view imagery contribute differently to census tract-level 

commuting mode-share prediction and interpretation. 

3 Data 

This study focuses on Florida because it serves as a useful test bed for comparing the 

predictive and interpretive value of satellite and street-view imagery. Florida exhibits 

substantial heterogeneity in built-environment conditions, meaningful variation across 

metropolitan areas, and diverse commuting patterns across urban contexts. Together, 

these characteristics provide an appropriate setting for evaluating how different imagery 

sources capture built-environment information relevant to travel mode share. This section 

describes the datasets used in the analysis, including commuting mode-share data, 

satellite imagery and street-view imagery. We first introduce the 2020 Census-based 

commuting data, including the census tract selection procedure and the distribution of 

mode shares. We then describe the satellite and street-view imagery, together with their 
data collection and preprocessing procedures. 
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3.1 Travel mode data 

The travel mode data are derived from the 2020 Census of Florida, which reports the 

percentage of individuals commuting by automobile, public transit, and active modes 

within each census tract. A census tract is a small statistical geographic unit defined by 

the U.S. Census Bureau, typically containing between 1,200 and 8,000 residents, with an 

optimum size of about 4,000 residents. Because census tracts are primarily population-

based rather than area-based units, their geographic size is not fixed: tracts in dense urban 

areas cover smaller areas, while tracts in lower-density areas cover larger areas. To 

construct the analytical sample, we first identified selected cities in Florida, including 

Miami, Tampa, Orlando, Jacksonville, Fort Lauderdale, Tallahassee, Gainesville, 

Pensacola, Sarasota, St. Petersburg, West Palm Beach, Boca Raton, Clearwater, Fort 

Myers, and Naples, and recorded their central latitude and longitude coordinates. Around 

each city center, we generated random spatial offsets within a 10-mile radius and 

matched the resulting points to census tract polygons. We then excluded tracts with 
missing commute mode-share data or unavailable imagery from either source. For each 

remaining tract, the tract centroid was used as the reference location for downloading 

satellite imagery at zoom levels 14–17 through the Google Maps API and a 

corresponding street-view image through the Google Street View Static API. After these 

filtering steps, the final analytical sample contained 1,700 census tracts. The 1,700 census 

tracts included in the final analytical sample contain a total population of 6,777,261 

residents. 

Figure 2 presents detailed histograms showing the distribution of commuting mode 

shares for driving, public transit, and active modes. As shown in Figure 2.a, Florida 

exhibits a high rate of car-based commuting. The distribution of driving ratios follows a 

bell-shaped curve, with most values concentrated between 0.70 and 0.96. In contrast, the 

shares of public transit and active commuting (Figure 2.b and Figure 2.c) are significantly 

lower, with many census tracts reporting values below 3%, including a substantial 

number with zero usage. Only a small fraction of tracts report more than 10% of 

commuters using public transit or active modes. These patterns indicate a strong reliance 

on automobiles for daily commuting, with limited uptake of alternative modes. Given the 

potential benefits of public transit and active travel for sustainable urban development, it 

is important to understand how the built environment influences travel mode choices. 

Figure 2. The distribution of travel mode shares 

3.2 Urban images 

The satellite and street view images used in this study are obtained via Google Maps 

API (https://developers.google.com/maps) and Google Street View Static API 

(https://developers.google.com/maps/documentation/streetview). For each census tract, 

we extracted its geographic centroid as the reference point for image retrieval. Satellite 
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imagery was downloaded at multiple Google Maps zoom levels (14–17) through the 

Google Maps API. Street-view imagery was retrieved through Google Street View Static 

API using the same census tract centroid as the query location. For the street-view query, 

we used a search radius of 2,700 m around the centroid to identify an available street-

view scene. Each census tract was represented by one street-view image, and one satellite 

image at each zoom level. Street-view imagery was retrieved as a single image using a 

fixed street-view setting rather than multiple zoom levels. The original images from both 

sources were RGB images with dimensions of 1024 × 1024 pixels. The full images were 

resized to 224 × 224 pixels rather than split into smaller tiles. In total, the dataset 

included 1,700 street-view images and 6,800 satellite images. We used the census tract 

centroid as a standardized sampling location to ensure that satellite and street-view 

imagery were retrieved using a consistent spatial reference point across all census tracts. 

To enhance the robustness of the training process, we apply standard data 

augmentation techniques, including random horizontal flipping and rotation. Examples of 

satellite images at different Google Maps zoom levels, together with the street-view 

image, are shown in Figure 3. 

 

Figure 3. Examples of satellite images at different Google Maps zoom levels and the 

corresponding street-view image 

4 Method 

This study presents a comprehensive framework to systematically compare street view 

and satellite imagery across different zoom levels for travel behavior prediction. The 

framework evaluates these imagery types from two key aspects: predictive performance 

and interpretability. This section begins by presenting the overall analytical framework 

(Section 4.1), followed by detailed discussions on the specific methodologies for image 

segmentation (Section 4.2), predictive performance evaluation (Section 4.3), and 

interpretability analysis (Section 4.4). 

4.1 Framework 

Figure 4 shows the analytic framework of this study, consisting of four stages: 

● Data Collection: We collect satellite imagery and Streetview data from Google Map 

API, as well as travel behavior data from United States Census Bureau official 

website (Census.gov) and spatially align them with GeoPandas package in Python. 

More details regarding the data processing will be introduced in Section 3. 

● Feature Extraction: Pre-trained semantic segmentation tools are used to extract the 

proportions of various urban features from images, converting raw images into 

measurable feature proportions that can be used as model inputs. Here, semantic 

segmentation models assign a predefined category label to each pixel in an image, 

allowing unstructured imagery to be converted into structured built-environment 

features. Specifically, we use DeepLabV3+ for street-view imagery and the MIT 

CSAIL semantic segmentation model (ResNet-50 + PPMdeepsup) for satellite 

imagery. This facilitates comparisons of predictive performance and interpretability 
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across different image types. Details of the segmentation tools are outlined in 

Section 4.2. 

● Travel Mode Share Modeling: We employ three machine learning models to predict 

travel mode shares, Multiple Linear Regression (MLR), Random Forest (RF), and 

Gradient Boosting Decision Trees (GBDT), using segmented urban features and 

socio-demographic variables as input. To assess the predictive performance of 

different urban image types and spatial resolutions, we compare results using the 

same model while varying the input imagery. Additional details about the 

supervised learning models and the experiment design are presented in Section 4.3. 

● Model Interpretation: Beyond predicting travel behavior, understanding how the 

built environment shapes travel decisions is essential for informing policy 

implications. In this stage, we apply SHAP (SHapley Additive exPlanations), to 

assess the impact of urban features extracted from street view and satellite images 

on travel mode shares. Details of the SHAP methodology are provided in Section 

4.4. 

 

Figure 4. Framework diagram 

4.2 Image segmentation 

Satellite imagery and street-view imagery provide valuable information about the built 

environment, but they are unstructured, which means that the relevant information is 

embedded in pixel-level visual patterns rather than predefined tabular variables. This 

makes it challenging to directly use raw images in the predictive models. To address this, 

we use pre-trained image segmentation tools to identify and quantify features (e.g., roads, 

buildings, vegetation) in street view and satellite images. The extracted features provide 

structured inputs to compare the predictive performance and interpretability of the two 

image types, as will be discussed in subsequent sections. The selected segmentation 

classes were chosen to reflect interpretable built-environment features visible in each 

image source and relevant to travel behavior analysis. Because street-view and satellite 

imagery capture different visual perspectives, the class sets are not identical; accordingly, 

the comparison in this study is based on the predictive and interpretive value of the 

resulting feature vectors rather than on one-to-one correspondence between classes. 

Additional architecture details are provided in Appendix B. 

For street-view images, we use DeepLabV3+ (Chen et al., 2018) for semantic 

segmentation. The implementation is based on the open-source repository 

(https://github.com/VainF/DeepLabV3Plus-Pytorch). The model takes a street-view 

image as input and outputs a segmentation map in which each pixel is assigned to a 

predefined category. Figure 5.a shows an example of a street-view image and its 

corresponding segmentation result. From the segmented map, we compute the relative 

https://github.com/VainF/DeepLabV3Plus-Pytorch


                                        

 

421 Urban visual AI for travel behavior prediction: A comparative analysis of imagery 

proportions of visible urban features and use them as image-derived predictors. The 

street-view feature vectors include the following categories: road, building, sky, 

sidewalk, plant, car, and person. 

For satellite images, we employ the semantic segmentation implementation developed 

by MIT CSAIL (https://github.com/CSAILVision/semantic-segmentation-

pytorch/tree/master). Specifically, we use a model with a ResNet-50 encoder and a 

PPMdeepsup decoder, trained on the ADE20K dataset (Zhou et al., 2017; B. Zhou et al. 

2019). Like the DeepLabV3+ procedure for street-view images, this model takes a 

satellite image as input and outputs a segmentation map in which each pixel is assigned 

to one of the predefined land-cover categories. Figure 5.b presents an example of a 

satellite image together with its corresponding segmentation result. From the resulting 

segmentation map, we compute the relative proportions of different land-cover features 

and convert each satellite image into a structured feature vector. In this study, the 

satellite-image feature vector includes the following categories: building, road, plant, 

water, earth, and bridge. 

The two segmentation models were selected because they provide established and 

reproducible tools for extracting interpretable visual features from the two image types. 

DeepLabV3+ was used for street-view imagery because it is a widely adopted semantic 

segmentation model for natural and street-level scene parsing and can identify streetscape 

features relevant to commuting mode-share prediction. For satellite imagery, we used the 

MIT CSAIL semantic segmentation model with a ResNet-50 encoder and PPMdeepsup 

decoder because it provides a reproducible pre-trained semantic segmentation model for 

extracting land-cover-related features. 

4.3 Predictive performance evaluation 

In this stage, we assess the predictive power of different urban image types in 

modeling travel behavior. Specifically, for each location (e.g., census tract), the model 

takes key socio-demographic indicators (e.g., population) as control variables and urban 

images, either street view or satellite imagery at varying zoom levels as inputs. The 

output consists of the proportions of individuals using cars, public transit, or active 

modes for travel in that location. For each predictive method, the same outcome 

definition and input-variable specification are used under a given imagery setting; the 

differences across specifications therefore come from the imagery-derived feature vectors 

and, for satellite imagery, the zoom-level setting. Detailed model specifications and 

input-variable definitions are provided in Appendix C. 

To ensure a comprehensive comparison, we employ three representative machine 

learning approaches: MLR, RF, and GBDT were selected because they provide 

complementary modeling baselines with increasing flexibility. MLR serves as a linear 

baseline, RF captures nonlinear relationships and feature interactions through bagged 

decision trees, and GBDT represents a boosting-based ensemble model commonly used 

for structured tabular prediction tasks. Using these three models allows us to examine 

whether the relative predictive value of satellite and street-view imagery remains 

consistent across different model families. 
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Figure 5. Examples of semantic segmentation results for the two image sources. (a) Street-view 

image and its segmentation result generated by DeepLabV3+. (b) Satellite image and its 

segmentation result generated by the MIT CSAIL semantic segmentation model with a ResNet-50 

encoder and PPMdeepsup decoder trained on the ADE20K dataset. 

● Multiple Linear Regression (MLR): A basic linear model that assumes a direct 

relationship between the input features and the target variable. It takes socio-

demographic attributes (as will be introduced in Section 3 and extracted features 

from either satellite or street view images (detailed in Section 4.2) as inputs, 

generating a value between 0 and 1 that represents the relative share of a specific 

travel mode (e.g., driving). 

● Random Forest (RF): An ensemble of numerous decision trees that can model 

nonlinearities and complex feature interactions. Like MLR, it incorporates socio-

demographic variables and extracted image features as inputs and outputs travel 

mode share. 

● Gradient Boosting Decision Tree (GBDT): A boosting technique that iteratively 

refines its estimates by fitting new trees to the residuals of previous ones. It utilizes 

the same socio-demographic and image-based features as the previous models, 

improving accuracy through adaptive learning. 

To measure model performance, we use the coefficient of determination (R²), which 

quantifies how much of the observed variation in mode share is explained by the 

predictions: 

𝑅2 = 1 −
∑𝑛

𝑖=1 (𝑦𝑖 − 𝑦ˆ𝑖)2

∑𝑛
𝑖=1 (𝑦𝑖 − 𝑦)

2  
(1) 
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where 𝑦𝑖 and 𝑦ˆ𝑖 represents the ground-truth and predicted mode share respectively. 

Comparing R² scores across models and input types helps us determine which types of 

urban images yield more accurate and robust travel mode share predictions. 

To ensure that model performance reflects generalization rather than goodness-of-fit 

on the training data, we adopted a held-out evaluation protocol. Specifically, the dataset 

was randomly divided into an 80% training set and a 20% held-out test set. All models 

were trained on the training set and evaluated only on the held-out test set. Thus, all R2 

values reported in this study are out-of-sample estimates computed on unseen test data. 

To quantify uncertainty, we computed bootstrap 95% confidence intervals for the held-

out test-set R2 values based on the test-set predictions. 

4.4 Interpretation analysis 

Beyond prediction performance, understanding how the built environment influences 

travel behavior is crucial for informing urban and transportation policy. In this stage, we 

assess the interpretability of street view and satellite images in capturing the relationship 

between urban form and travel behavior. Our analysis relies on Shapley Additive 

Explanations (SHAP), an explainable AI technique grounded in game theory (Lundberg 

& Lee, 2017). SHAP assigns each feature an optimal Shapley value, quantifying its 

contribution to the model’s prediction. The Shapley value 𝜙𝑖 for a feature𝑖 is calculated 

as: 

𝜙𝑖 = ∑
𝑆⊆{1,…,𝑛}∖{𝑖}

|𝑆|!  (𝑛 − |𝑆| − 1)!

𝑛!
[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] 

(2) 

where 𝑆 is a subset of all features excluding 𝑖, 𝑛 is the total number of features, 

and 𝑓(𝑆) is the model's prediction given the feature subset 𝑆. 

In this study, we applied SHAP to GBDT because it achieved strong overall out-of-

sample predictive performance across the evaluated settings and is well suited for tree-

based SHAP interpretation. The model takes segmented features from urban images as 

inputs—representing the relative proportions of different urban features in the scene—

and outputs predicted commuting mode share. SHAP has been increasingly used in 

interpretable machine-learning studies to explain feature contributions in travel behavior 

and transportation analysis (Kashifi et al., 2022; Yin et al.,2024). In this study, a SHAP 

value indicates the contribution of a feature to the predicted outcome relative to the 

model baseline: a positive SHAP value means that the feature increases the predicted 

mode share, whereas a negative SHAP value means that it decreases the prediction. 

Larger absolute SHAP values indicate stronger feature influence, and the range of SHAP 

values is not fixed a priori but depends on the scale of the model output and the fitted 

model. The resulting SHAP values reveal how various urban features are associated with 

travel behavior and how these effects differ between satellite and street view imagery. 

5 Results 

This section presents a comparative analysis of street view and satellite imagery in 

modeling travel mode share, focusing on both predictive ability and interpretability. 

Section 5.1 systematically evaluates the performance of various training models using 

different types of imagery data. Section 5.2 presents detailed case studies to illustrate 
when and why satellite and street view imagery yield differing predictive outcomes by 

providing numeric and visual analyses.  Section 5.3 examines the interpretability of these 

models by comparing SHAP value analyses across imagery types. 
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5.1 Comparing the predictive ability of satellite and street view images 

Table 1 summarizes the predictive performance of various models in estimating the 

mode shares of driving, public transit, and active modes, using either street view or 

satellite imagery at different zoom levels as input. Across the evaluated machine learning 

approaches, satellite imagery generally achieves higher held-out test-set R2 values than 

street-view imagery, although the magnitude of the advantage varies by model, travel 

mode, and satellite zoom level. The bootstrap confidence intervals also indicate that some 

differences are modest and should be interpreted cautiously when intervals overlap. 

Overall, the results suggest that satellite imagery provides broader spatial context that is 

useful for predicting tract-level commuting mode share, whereas the single street-view 

image available for each tract captures more localized streetscape information. 

Table 1. Held-out test-set R2 values for predicting commuting mode share. Values in brackets 

indicate bootstrap 95% confidence intervals. Rows represent model--travel mode combinations, 

and columns represent imagery source and satellite zoom level. The highest R2 value in each row 

is highlighted in bold. 

Model Travel Mode Satellite-14 Satellite-15 Satellite-16 Satellite-17 Street View 

MLR Driving 0.329 [0.233, 0.411] 0.351 [0.262, 0.430] 0.327 [0.234, 0.405] 0.327 [0.225, 0.412] 0.321 [0.228, 0.403] 

 Public Transit 0.340 [0.201, 0.434] 0.341 [0.206, 0.439] 0.344 [0.208, 0.437] 0.330 [0.189, 0.431] 0.343 [0.210, 0.437] 
 Active modes 0.028 [-0.079, 0.131] 0.026 [-0.079, 0.126] -0.001 [-0.119, 0.120] 0.005 [-0.116, 0.131] 0.005 [-0.096, 0.119] 

 Mean across modes 0.232 [0.118, 0.325] 0.240 [0.130, 0.332] 0.223 [0.107, 0.321] 0.221 [0.100, 0.325] 0.223 [0.114, 0.319] 

RF Driving 0.694 [0.607, 0.769] 0.675 [0.583, 0.759] 0.684 [0.594, 0.762] 0.655 [0.561, 0.738] 0.663 [0.571, 0.742] 

 Public Transit 0.811 [0.731, 0.863] 0.815 [0.733, 0.868] 0.809 [0.715, 0.864] 0.787 [0.704, 0.841] 0.762 [0.679, 0.820] 
 Active modes 0.554 [0.382, 0.739] 0.548 [0.382, 0.736] 0.548 [0.379, 0.733] 0.466 [0.308, 0.646] 0.507 [0.349, 0.686] 

 Mean across modes 0.687 [0.573, 0.790] 0.679 [0.566, 0.787] 0.680 [0.563, 0.786] 0.636 [0.524, 0.741] 0.644 [0.533, 0.749] 

GBDT Driving 0.715 [0.616, 0.792] 0.695 [0.586, 0.780] 0.687 [0.585, 0.771] 0.666 [0.547, 0.760] 0.655 [0.541, 0.744] 

 Public Transit 0.835 [0.737, 0.893] 0.812 [0.703, 0.881] 0.789 [0.642, 0.875] 0.788 [0.654, 0.868] 0.774 [0.641, 0.856] 
 Active modes 0.534 [0.368, 0.725] 0.548 [0.374, 0.755] 0.559 [0.380, 0.762] 0.502 [0.315, 0.711] 0.524 [0.368, 0.714] 

 Mean across modes 0.695 [0.573, 0.803] 0.685 [0.555, 0.805] 0.678 [0.536, 0.803] 0.652 [0.505, 0.780] 0.651 [0.516, 0.771] 

A closer inspection of the results confirms the overall advantage of satellite imagery, 

while showing that the magnitude of this advantage varies across models and travel 

modes. For MLR, the gains from satellite imagery are small to modest. For example, the 

highest driving R2 increases from 0.321 for street view to 0.351 for satellite imagery, 

while public transit shows nearly identical performance between street view and the best 

satellite setting. Active modes remain difficult for MLR, with low R2 values and wide 

confidence intervals. For the tree-based models, RF and GBDT achieve substantially 

higher predictive performance than MLR, and the advantage of satellite imagery becomes 

more consistent. Under GBDT, the best satellite settings increase R2 from 0.655 to 0.715 

for driving and from 0.774 to 0.835 for public transit. For active modes, the improvement 

is more moderate, with the best satellite setting reaching R2=0.559 compared with 

R2=0.524 for street view. Overall, these results indicate that satellite imagery generally 

provides stronger out-of-sample predictive performance than street-view imagery, 

particularly when used with nonlinear tree-based models, but the size of the improvement 

depends on the travel mode and satellite zoom level. 

In addition to image types, Table 1 shows that satellite zoom level affects predictive 

performance, although the effect varies by model and travel mode. Four distinct zoom 

levels (14 to 17) are considered in this study, each of which captures a different spatial 

extent and level of detail. For instance, a zoom level of 17 typically covers an area of 

approximately 500m * 500m, roughly corresponding to a neighborhood scale. The 

detailed calculation of the cover area at different zoom levels is shown in Appendix A. 

Lower zoom levels capture much larger areas, potentially spanning several kilometers, 

but with a coarser resolution. The results suggest the following patterns: 
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● Driving and Public Transit: For driving and public transit, lower zoom levels 

generally provide stronger performance, especially for the tree-based models. For 

example, when using GBDT to predict driving mode share, zoom 14 achieves the 

highest R2 of 0.715, compared with 0.666 at zoom 17. Similarly, for public transit, 

zoom 14 achieves the highest GBDT performance (R2=0.835), compared with 

0.788 at zoom 17. RF shows a similar pattern, with the highest driving performance 

at zoom 14 (R2=0.694) and the highest public transit performance at zoom 15 

(R2=0.815). These results suggest that broader spatial context helps capture features 

such as major road networks, land-use structure, and regional accessibility, which 

are important for modeling driving and transit commuting patterns. 

● Active Modes: In contrast, active modes show a less uniform relationship with 
zoom level. With GBDT, zoom 16 achieves the highest performance for active 

modes (R2=0.559), slightly outperforming zoom 14 (R2=0.534), zoom 15 

(R2=0.548), and zoom 17 (R2=0.502). RF also performs best at zoom 14 for active 

modes (R2=0.554), but the differences between zoom levels 14--16 are relatively 

small, and their confidence intervals overlap. These results indicate that active-

mode prediction may benefit from finer local detail, but the advantage of higher 

zoom levels is not consistent across models. This likely reflects the fact that active 

modes depend on both neighborhood-scale spatial structure and highly localized 

pedestrian or cycling conditions, which may not be fully captured by satellite 

imagery alone. 

These findings highlight the importance of selecting an appropriate zoom level. The 

choice of zoom level represents a trade-off between the breadth of contextual information 

and the granularity of local details. A larger spatial extent (lower zoom level) provides a 

comprehensive view of the urban environment that benefits predictions for long-distance 

travel modes, including driving and public transit. On the other hand, higher zoom levels 

provide finer details required for active mode prediction. 

Given the same prediction model and zoom level, predictive accuracy varies by travel 

mode. Public transit mode shares generally yield higher R2 values than driving or active 

modes. For example, using RF, public transit predictions range from 0.733 to 0.750, 

compared to 0.650–0.693 for driving and 0.675–0.703 for active travel. A similar pattern 

holds for GBDT, with public transit achieving R2 values of 0.729–0.758, outperforming 

the other modes. This superior performance may be attributed to the fact that public 

transit infrastructure (e.g., dense transit networks and station proximities) is more readily 

discernible in aerial views. In contrast, driving and active modes are less predictable. This 

may be explained that driving mode shares tend to involve broader urban patterns that are 

less distinct than transit-related features, while active mode share depends on highly 

localized factors, such as pedestrian pathways, sidewalk conditions, and minor urban 

design elements, which might not be as prominent in satellite images. 

In summary, these results highlight the superior predictive power of satellite imagery 

over street view imagery, the crucial role of appropriate zoom level selection, and the 

predictability of different travel modes. This multifaceted insight provides valuable 

guidance for future research understanding and modeling travel behavior using remotely 

sensed imagery. 

5.2 Case study 

To further investigate the strengths and limitations of satellite and street view imagery 
in predicting travel mode shares, we present two representative examples in Table 2. The 

satellite and street view images corresponding to the two examples are shown in Figure 6. 
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These case studies showcase the predicted demand distributions from both imagery types, 

alongside ground-truth travel behavior, and provide qualitative reasoning based on the 

visual features observed. The two case-study locations were selected to illustrate 

contrasting built-environment contexts and differing prediction patterns between the 

satellite- and street-view-based models. Case 1 is located in the Boca West area of West 

Boca Raton, Palm Beach County, in southeastern Florida. Case 2 is located near Page 

Field in Fort Myers, Lee County, in southwestern Florida. For each case-study location, 

the street-view image shown in Figure 6 corresponds to the single street-view image 

retrieved for that census tract using its geographic centroid as the reference point. By 

examining these contrasting contexts—a suburban residential setting in Example I and a 

dense suburban setting in Example II—we highlight when and why each imagery source 

may overestimate or underestimate certain transportation modes. 

Table 2. Observed and predicted shares of commuting by driving, public transit, and active modes 

for two illustrative case-study locations 

Example I: Suburban residential setting 
Source Driving Public Transit Active Modes 

Observed mode share 0.715 0.164 0.046 

Satellite-based prediction 0.728 0.156 0.044 

Street-view-based prediction 0.758 0.134 0.037 

Example II: Dense suburban setting 
Source Driving Public Transit Active Modes 

Observed mode share 0.854 0.042 0.068 

Satellite-based prediction 0.863 0.033 0.051 

Street-view-based prediction 0.839 0.033 0.041 
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Figure 6. Satellite and street-view images used in case studies 

In Example I, the satellite image presents a well-ordered suburban scene: clearly 

delineated housing parcels, extensive patches of grassland, and a meshed road network 

that stitches neighborhoods together. These macro-scale elements—continuous rows of 

roofs, evenly spaced streets, and open green buffers—immediately convey a planned but 

moderately dense setting where cars are expected to circulate easily yet walking and 

transit remain plausible. On the other hand, the street view imagery primarily illustrates 

immediate roadside conditions, characterized by abundant greenery, spacious roads, but 

notably lacking visible pedestrian paths or cycling infrastructure. This narrow field of 

view obscures deeper cues about public-transit accessibility or pedestrian permeability.  

For the prediction results, both image types reveal the correct mode-share ranking, but 

accuracy differs. The satellite-based model aligns closely with ground truth, while the 

street-view model nudges its prediction toward a more car-oriented profile than ground 

truth warrants, over-estimating driving share while under-scoring transit and active 

modes. This suggests that macro-level cues from satellite imagery provide structural 
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land-use patterns to guide predictions, whereas street-view estimates are more sensitive to 

localized visual context. 

In Example II, the case represents a dense suburban context, combining relatively 

dense buildings patterns with transportation and land-use features. The satellite image is 

dominated by an “X-shaped” pair of airport runways. There are some large warehouse-

style buildings, scattered low-rise housing blocks, and several broad parking lots. 

Roadways form a loose rectilinear grid. Continuous green belts separate land-use 

clusters, further lengthening trip distances. Overall, the picture is of a coarse-grained, car-

oriented environment with plenty of space for vehicle movement. At street view, there is 

a gravel drive lined with a pickup truck, farm or light-industrial equipment, a metal shed, 

and mature trees edging an informal lawn. The lane lacks sidewalks, curbs, bus stops, or 

marked cycle lanes. The visual emphasis on private vehicles, unpaved surfaces, and 

sparse pedestrian infrastructure reinforces the expectation of automobile dominance. 

For this example, the satellite imagery slightly overestimates the driving mode share, 

while the street-view imagery underestimates it, with a larger error. This can be because 

the satellite imagery captures stronger macro-scale indicators of car-oriented 

environments—such as runways, large parking lots, and land-use separation. Meanwhile, 

the street-view model also underestimates active modes more than the satellite-based 

model. One possible reason is that the satellite image reveals medium-density 

development patterns—such as dispersed low-rise housing and warehouse clusters—

which can support active modes. In contrast, the street view lacks visible pedestrian or 

cycling infrastructure, which may lead the model to further underestimate active modes. 

In summary, these two cases highlight the strengths of satellite imagery in capturing 

macro-scale urban features—such as building density, land-use patterns, and spatial 

organization—that are critical for accurately predicting travel mode share. In contrast, 

street-view imagery tends to be more sensitive to localized sampling contexts, where 

subtle visual cues—like the presence or absence of sidewalks, curbs, or bike lanes—can 

disproportionately influence the model’s perception of travel behavior. 

5.3 SHAP analysis of imagery-derived features 

This subsection reports the main SHAP patterns observed in the prediction models, 

while broader interpretation of possible mechanisms and planning implications is 

provided in the Discussion section. In this section, we apply SHAP to GBDT because it 

achieves strong overall out-of-sample predictive performance across the evaluated 

settings and is well suited for tree-based SHAP interpretation. The SHAP summary plots 

are shown in Figure 8. In these plots, each point represents one observation. The 

horizontal position of a point indicates the SHAP value of a feature for that observation: 

positive SHAP values mean that the feature increases the predicted mode share relative to 

the model baseline, whereas negative SHAP values mean that the feature decreases it. 

The color of each point represents the original feature value, with warmer colors 

indicating higher feature values and cooler colors indicating lower feature values. 

Features with larger absolute SHAP values and wider dispersion are interpreted as having 

stronger or more heterogeneous contributions to the model predictions. Figure 7 presents 

the spatial distribution of the sampled locations across Florida, together with the census 

tract boundaries used as the geographic units of analysis. 

5.3.1 SHAP value for driving 

The SHAP summary plots for satellite and street-view imagery reveal complementary 

insights into the imagery-derived features associated with predicted driving commuting 

mode share. In the satellite-based analysis, vegetation ("plant") is one of the most 
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important predictors and shows a context-dependent pattern across observations. 

Similarly, extensive bare soil or undeveloped land (classified as "earth") shows a positive 

SHAP contribution to predicted driving mode share. Large water bodies show a negative 

SHAP contribution to predicted car use. 

At the street-level view, the importance of micro-scale urban design attributes 

emerges distinctly. Building coverage emerges as the most influential predictor, where 

increased visible building area at street level is negatively correlated with the share of 

driving. Similarly, openness to the sky also positively correlates with driving. Street-level 

vegetation positively contributes to increased driving predictions. However, visible cars 

on streets negatively influence driving predictions. Extensive visible road surface area 

shows a mixed pattern in SHAP analysis rather than a uniformly positive or negative 

association with driving predictions. In contrast, sidewalk coverage consistently shows a 

negative contribution to predicted driving mode share. 

Taken together, these satellite and street-view analyses suggest that dispersed 

suburban areas are associated with higher predicted driving dependence, while dense 

suburban environments are associated with lower predicted private-car use. 

 

Figure 7. Spatial distribution of the sampled locations across Florida 

5.3.2 SHAP value for public transit 

The SHAP analysis of public transit mode share based on satellite imagery reveals 

that the vegetation coverage exhibits a mixed relationship with transit use, with SHAP 

values widely spread across both sides of 0. Building density shows a similarly mixed 

association with predicted public transit mode share. Notably, road, water bodies, and 
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bridges all show positive SHAP contributions to predicted public transit mode share. 

Undeveloped land has minimal systematic influence, suggesting limited predictive power 

for transit share. 

The street-level analysis shows that sky openness has a complex yet overall positive 

relationship with transit use. Street-side vegetation also shows complexity but tends 

toward a negative influence. Building frontage coverage displays a weak but consistently 

positive correlation. Visible pedestrians and sidewalk coverage further reinforce transit 

use with consistent positive impacts. Meanwhile, visible road surfaces show more mixed 

influences. A higher presence of visible cars shows a positive association with public 

transit use. 

Overall, satellite and street-level analyses consistently highlight that denser, 

pedestrian-oriented environments with moderate vegetation are associated with higher 

predicted public transit mode share, while low-density, undeveloped contexts are 

associated with lower predicted public transit mode share. 

 

Figure 8. SHAP summary for three mode predictions: driving, public transit, and active modes 

5.3.3 SHAP value for active modes 

The SHAP analysis of active mode share from satellite imagery reveals several 

distinct associations between land-cover features and predicted active mode share. 

Vegetation coverage shows a clear negative SHAP contribution. In contrast, building 

coverage exhibits a strong and consistent positive contribution, indicating that compact, 

built-up environments with higher destination density are associated with higher 
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predicted active mode share. Undeveloped land also shows a negative relationship. On 

the other hand, road, water, and bridge coverage all show positive SHAP contributions to 

predicted active mode share. 

The street-view-based SHAP analysis highlights micro-scale environmental features 

associated with predicted active mode share. Buildings contribute positively, indicating 

that visually high-density environments are associated with higher predicted walking and 

biking shares. The presence of sidewalks and visible pedestrians also contributes 

positively to the model's predictions. Visible cars are associated with a modest increase in 

active mode share. In contrast, vegetation and road surface coverage both exhibit 

negative relationships with active modes. Sky openness shows a complex pattern. The 

number of people visible in street view imagery has a mild but consistent positive impact 

on active mode share prediction. 

Overall, both satellite and street-level analyses indicate that high-density, pedestrian-

friendly environments—such as those with sidewalks and waterfronts—are associated 

with higher predicted active mode share, whereas low-density areas with pedestrian-

unfriendly features, such as bare ground, are associated with lower predicted active mode 

share. 

6 Conclusions 

6.1 Summary of main findings 

Previous studies have demonstrated that urban images can effectively predict 

perceived safety (Naik et al., 2014), poverty (Jean et al., 2016), income (Suel et al., 

2019), and other socioeconomic indicators (Gebru et al., 2017) in cities. However, a 

significant research gap remains in how and why the two dominant categories of imagery 

data, street-view imagery and satellite imagery, differ in their predictive performance and 

interpretability for commuting mode-share modeling. This study addresses this gap by 

predicting tract-level commuting mode shares using either satellite or street-view imagery 

in Florida. By applying machine learning models to segmentation-derived image features 

and interpreting the results with SHAP, our empirical analysis yields the following 

findings. 

First, models using satellite imagery generally outperform those based on street-view 

imagery across the evaluated travel modes. Across multiple predictive approaches, 

including MLR, RF, and GBDT, satellite-based models achieve higher out-of-sample R2 

values than street-view-based models in most comparisons. For the tree-based models, 

the relative improvement is typically moderate, ranging from approximately 2% to 8% in 

most comparisons, with the largest observed gain around 9%. One possible explanation is 

that the satellite imagery captures visible built-environment patterns associated with 

commuting behavior, such as building density, land-use patterns, and spatial organization 

(Sun et al., 2017). At the same time, using only one street-view image per census tract 

may limit how much local street-level information is captured by the street-view models, 

which may partly contribute to their lower predictive performance. Commuting mode 

share may also be related to non-visible factors, such as socio-demographic variables and 

local policy conditions (Cervero, 2002; Ding et al., 2018). 

Second, Google Maps satellite zoom level influences predictive performance. Across 

travel modes, differences in zoom level result in noticeable variation in model 

performance. In general, lower zoom levels, which provide broader spatial context, 

perform better for driving and public transit, while active modes show a more mixed 

relationship with zoom level. This suggests that the appropriate imagery scale depends on 

the travel mode being modeled. 
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Third, SHAP analysis highlights the complementary interpretability of the two 

imagery sources. Satellite imagery emphasizes macro-scale land-cover and spatial-

structure features, whereas street-view imagery emphasizes localized streetscape features 

such as sidewalks, sky openness, visible pedestrians, visible cars, and building frontage. 

6.2 Interpretation of SHAP results 

The SHAP results show how segmentation-derived features contribute to model 

predictions, but they do not establish that these visible features independently cause 

changes in commuting mode share (Janzing et al., 2020; Lundberg & Lee, 2017). 

For driving mode share, satellite-based SHAP results indicate that broad land-cover 

features are important contributors to prediction. Vegetation and bare ground generally 

show positive SHAP contributions for many observations, whereas water tends to show 

negative contributions. These patterns suggest that the satellite-based model relies on 

spatial-context and land-cover signals when predicting driving mode share. Street-view 

results, by contrast, emphasize localized streetscape features. Building coverage and 

sidewalk coverage generally show negative SHAP contributions to predicted driving 

mode share, while sky openness and street-level vegetation tend to contribute positively. 

Visible road surface area shows mixed SHAP values, indicating that this feature may 

correspond to different functional street contexts. 

For public transit mode share, satellite-based SHAP results show that road, water, and 

bridge coverage generally contribute positively to predicted transit share, while 

vegetation and building coverage show more mixed associations. Street-view results 

indicate that the positive association of sky openness with both driving and public transit 

should not be interpreted as a mode-specific effect. Rather, sky openness may reflect 

wide and open roadway corridors that can accommodate both automobile flow and bus 

service along major arterial roads. 

For active modes, satellite-based SHAP results show that building coverage has a 

consistently positive contribution, while vegetation and undeveloped land generally 

contribute negatively. Road, water, and bridge coverage also show positive contributions 

in some observations. Street-view results show vegetation and road surface coverage tend 

to show negative contributions. These findings are broadly consistent with the idea that 

active modes are associated with more compact and pedestrian-oriented environments, 

although the observed SHAP patterns should still be interpreted as predictive 

associations. 

Overall, the SHAP analysis suggests that some well-established built-environment 

relationships, such as the association between lower-density development and higher car 

use or the association between pedestrian infrastructure and active modes, can be 

recovered from imagery-derived features. The contribution of this study is therefore not 

that these relationships are substantively new, but that they can be identified from image-

derived feature representations and compared across satellite and street-view imagery 

within the same geographic context. 

6.3 Planning and methodological implications 

These findings have several implications for applying visual AI to commuting mode-

share prediction. First, satellite imagery appears particularly useful for large-area 

mobility modeling and regional comparison because it captures broader spatial context, 

including land-use structure, development intensity, and transportation corridors. This 

makes satellite imagery suitable for applications where practitioners need to compare 
neighborhoods or identify areas that may warrant closer transportation or land-use 

analysis, consistent with recent studies using satellite imagery to examine urban growth-
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transportation interactions and to enhance travel demand and behavior modeling (Patil et 

al., 2025; Wang et al., 2024). Building on these literatures, our analysis evaluates its 

predictive value for commuting mode share and directly compares it with street-view 

imagery within the same study areas. These results highlight the value of satellite 

imagery as a scalable source of built-environment information for aggregate commuting 

mode-share prediction. 

Second, the sensitivity of predictive performance to Google Maps satellite zoom level 

suggests that image scale should be selected according to the planning question and travel 

mode of interest. Lower zoom levels may be more useful for capturing broader spatial 

patterns related to driving and public transit, while finer-scale imagery may provide 

additional information for active modes, although the revised results show that this 

relationship is not uniform across models. This finding is consistent with previous studies 

showing that the scale at which urban features are represented can affect the information 

extracted from imagery and subsequent classification or modeling performance (Pacifici 

et al., 2009; Zhang & Du, 2016). Our study extends this multi-scale perspective to 

commuting mode-share prediction by showing that the most informative Google Maps 

zoom level can vary across travel modes. Rather than assuming that a single image scale 

is universally optimal, these results suggest that image scale should be treated as an 

important methodological choice when using satellite imagery for transportation-related 

prediction. 

Third, the two imagery sources should not be treated as directly equivalent. Satellite 

imagery captures macro-scale land-cover and spatial-structure features, while street-view 

imagery captures micro-scale streetscape features such as sidewalks, pedestrian presence, 

vehicles, and sky openness. From a policy perspective, satellite imagery may be more 

suitable for large-area comparison, while street-view imagery can provide 

complementary information on local streetscape conditions. This distinction can help 

practitioners select imagery sources according to the spatial scale of the planning 

question. This distinction is consistent with previous studies showing that aerial or 

satellite imagery and street-view imagery provide different but complementary 

perspectives of the built environment, with top-down imagery offering broader spatial 

coverage and street-view imagery capturing features visible from the human-scale street 

perspective (Larkin et al., 2021; Gaw et al., 2022;). Prior work has also shown that street-

view imagery is particularly useful for measuring fine-scale, human-scale environmental 

characteristics that may be difficult to observe from conventional remote-sensing data 

alone (Biljecki & Ito, 2021). Our study extends this distinction to commuting mode-share 

prediction by directly comparing the predictive and interpretive value of these two 

imagery sources for the same census tracts. These findings therefore suggest that the 

choice of imagery source should depend not only on predictive performance but also on 

the type and spatial scale of built-environment information required for a particular 

planning application. 

These findings suggest that planners can benefit from using satellite and street-view 

imagery together because the two sources provide complementary perspectives on 

neighborhood commuting patterns: satellite imagery captures broader land-use and 

spatial-structure features, while street-view imagery reveals localized streetscape 

conditions. Because satellite imagery captures macro-scale features, it can help planning 

agencies identify areas where observed commuting mode shares, predicted mode shares, 

or visible built-environment conditions appear inconsistent with policy goals, while 

street-view imagery can be used for localized diagnostic assessment. 

More broadly, this study demonstrates the value of interpretable GeoAI in linking 

visual urban form to tract-level commuting mode shares. These results should be 

interpreted as predictive associations rather than isolated built-environment effects, since 
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commuting mode choice is also shaped by travel time, travel cost, transit accessibility, 

parking conditions, and other transportation-system factors not directly captured by 

imagery. 

6.4 Limitations and future research 

This study also presents several limitations that warrant consideration. First, the 

analysis was confined to a limited set of Google Maps satellite zoom levels, which may 

restrict the generalization of findings to other image scales or retrieval settings. The 

centroid-based sampling strategy may also underrepresent within-tract heterogeneity, 

especially in large or internally diverse census tracts where localized streetscape differs. 

Prior studies have demonstrated the value of aggregating multiple street-view 

observations to characterize neighborhood-level built environments (Nguyen et al., 

2018). Accordingly, when data permit, future research should test multi-point sampling 

strategies within each census tract and evaluate whether additional street-view 

observations improve predictive performance and interpretability. 

Second, although satellite imagery generally outperformed street-view imagery in 

predictive performance, this comparison should be interpreted cautiously because the two 

data sources produce heterogeneous feature spaces. For both image types, we used pre-

trained semantic segmentation tools to extract the proportions of visible urban features 

from images. Thus, the feature space of each imagery source is defined by segmentation-

derived urban-feature proportions. The satellite-image feature space is six-dimensional, 

including building, road, plant, water, earth, and bridge, whereas the street-view feature 

space is seven-dimensional, including road, building, sky, sidewalk, plant, car, and 

person. Some features, such as building, road, and plant, are identified in both image 

types and are partially comparable. However, other features are view-specific: sky, 

sidewalk, vehicles, and pedestrians are captured only in street-view imagery, whereas 

water, earth, and bridge are captured only in satellite imagery. Therefore, the comparison 

should be interpreted as a comparison between two segmentation-derived visual 

representations of the built environment rather than a direct comparison between identical 

feature sets. Future research could integrate satellite and street-view imagery within a 

unified multi-view representation, allowing the two image sources to contribute 

complementary information within the same modeling framework. This direction is 

consistent with recent multi-view urban sensing studies that combine satellite and street-

view imagery to improve urban representation and prediction (Huang et al., 2025; Li et 

al., 2026; Ye et al., 2024). 

Third, the potential value of hybrid models integrating both satellite and street-view 

imagery was not fully explored. Such models could provide a more comprehensive 

representation of both macro-scale spatial structure and micro-scale streetscape 

conditions. Another limitation is that the Census data used in this study capture 

commuting mode shares only. As a result, the analysis reflects work-related travel 

patterns rather than the full spectrum of travel behavior, such as shopping, leisure, school, 

or other non-work trips. 

In addition, this study does not explicitly address spatial autocorrelation in model 

validation. Nearby census tracts may share similar built-environment and socio-

demographic characteristics, so conventional random train-test splits may overestimate 

out-of-sample predictive performance. Future work should use spatial cross-validation or 

geographically blocked validation to further test model generalizability. A related data 

limitation concerns temporal alignment. The satellite and street-view imagery data were 

collected in mid-2023, whereas the commuting mode-share data were derived from the 

2020 Census. Although major built-environment features such as road layout and urban 
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form generally evolve over longer time scales, local redevelopment, new construction, 

roadway changes, or changes in Google Street View imagery over time may introduce 

temporal mismatches for some census tracts. Herold et al. (2003) and M. Li et al. (2023) 

indicate that large-scale urban form generally evolves over time, while street-level 

infrastructure can also exhibit detectable changes across years. Therefore, the imagery-

derived features should be interpreted as approximate representations of the built 

environment around the Census period rather than exactly at the same time as 

measurements. 

Finally, the geographic scope of the study was limited to Florida. We would expect 

the main findings to remain broadly similar in states with built-environment 

characteristics comparable to Florida. However, the relative predictive value of satellite 

and street-view imagery may differ in denser states or regions with more compact urban 

form and stronger transit orientation, where fine-grained streetscape characteristics may 

play a more important role in shaping travel behavior. Expanded studies across varied 

locations are needed to validate and extend these findings. 
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