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Abstract 

Geotagged social media imagery provides a valuable source for mapping cultural ecosystem 

service (CES) flows, which represent realized human interactions with nature, yet its open-world 

user-generated content poses challenges to automated content analysis. Supervised models require 

large labeled datasets and show limited generalization across contexts, whereas unsupervised 

approaches often need post-hoc interpretation. Vision–language models offer a promising 

alternative but remain largely unexplored in CES research. We present a label-efficient framework 

that leverages the open-source Contrastive Language–Image Pretraining (CLIP) model to classify 

and map 12 CES flows across Florida using only 120 labeled images. Five CLIP variants and three 

prompt strategies were benchmarked to evaluate zero-shot performance under closed-set 

conditions, and three CLIP-based pipelines with differing supervision levels were compared to 

address the open-set challenge of filtering irrelevant content. Mixed class-specific prompts 

increased closed-set accuracy to 97%. Under open-set conditions, a hybrid pipeline combining a 

lightweight binary classifier with zero-shot CLIP inference achieved the strongest performance 

(accuracy = 88%; F1-macro = 0.88; F1-other = 0.91), demonstrating major gains in label-

efficiency and open-set robustness. Statewide flow maps reveal consistent hotspots for outdoor 

recreation, wildlife viewing, and landscape aesthetics along coastal areas and major inland 

greenspaces, extending beyond formal park systems into urban greenspaces and other natural and 

working lands. The resulting map products and interactive web application provide actionable 

tools for identifying CES hotspots and the landscapes that support human–nature interactions. 
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Overall, this study demonstrates the transformative potential of foundation VLMs for large-scale 

CES assessment using social media imagery. 

Keywords: cultural ecosystem services, CLIP, vision–language model, zero-shot learning, open-

set recognition, social media imagery, natural and working landscapes. 
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1. Introduction 

Following the Millennium Ecosystem Services Assessment (MA, 2005), the quantification and 

mapping of ecosystem services have gained growing attention across both scientific and policy 

communities worldwide over the past two decades (Naidoo et al., 2008; Maes et al., 2012; 

Burkhard and Maes, 2017; Edens et al., 2022). Among the diverse categories of ecosystem 

services, cultural ecosystem services (CES) represent the intangible, non-material benefits people 

obtain from ecosystems through spiritual enrichment, cognitive development, reflection, 

recreation, and aesthetic experience (MA, 2005). As ecosystem services connect ecological 

processes and functions to human benefits, the term ‘ecosystem service flows’ has been 

conceptualized in various ways (Wang et al., 2022; Li and Wang, 2023). It has been used to 

describe the spatial transfer or transmission of services from ecosystems to people (Bagstad et al., 

2013), as well as the spatial relationships between service provisioning areas and service benefiting 

areas (Fisher et al., 2009; Serna-Chavez et al., 2014). In this study, we adopt a definition that 

distinguishes between potential supply and actual use, conceptualizing flows as the realized or de 

facto use of services by beneficiaries (Villamagna et al., 2013; Schröter et al., 2014; Burkhard et 

al., 2014; Baró et al., 2016; Langemeyer et al., 2018; Karasov et al., 2022).  

Spatially explicit assessments of CES flows, such as identifying where and to what extent 

people engage in wildlife viewing (Koylu et al., 2019) or seek landscape aesthetics (Langemeyer 

et al., 2018), have become an increasingly important component of integrated ecosystem services 

frameworks. These approaches are indispensable for incorporating socio-cultural values and 

benefits into ecosystem accounting (Edens et al., 2022; Vallecillo et al., 2019), conservation 

planning, and landscape management (Plieninger et al., 2015). Compared to provisioning and 

regulating services, CES remain particularly challenging to quantify due to their subjective, non-

material nature, which is shaped by complex socioecological relationships and dynamic human 

perceptions and behaviors (Huynh et al., 2022). As a result, CES are highly context-dependent and 

often lack consistent, systematic empirical observations across broad spatial and temporal scales 

(Kosanic and Petzold, 2020). 

A wide range of transdisciplinary methods has been used to assess CES flows, drawing on 

methods and data from social science, ecology, and data science (Daniel et al., 2012; Plieninger et 

al., 2013; Paracchini et al., 2014; Scowen et al., 2021). At finer scales, non-monetary stated 

preference methods, such as questionnaires, in-depth interviews, focus groups, and participatory 

mapping, are most frequently used to assess CES (Cheng et al., 2019). In recent years, revealed 

preference methods based on passively crowdsourced social media data have emerged as a novel 

and increasingly prominent means of assessing CES across large spatial scales (Ghermandi and 

Sinclair, 2019; Havinga et al., 2020). Users upload georeferenced images, texts, and videos to 

platforms such as Flickr, Instagram, and iNaturalist, providing otherwise unavailable insights into 

where, when, and how people interact with nature and experience CES.  

Geotagged Flickr images have been widely used and validated as a reliable proxy for surveyed 

visitation rates at various natural and cultural sites (Wood et al., 2013; Keeler et al., 2015; Sonter 

et al., 2016; Ghermandi, 2022). Average annual visitation estimates derived from Flickr show 

strong correlations with temporal patterns of on-site recreational use at national parks in the U.S. 

and Germany (Sessions et al., 2016; Sinclair et al., 2020). Two indicators are commonly used to 

quantify CES flows from Flickr data: the number of images (Willemen et al., 2015) and photo-

user-days, defined as the number of unique users who took at least one photograph at a given 

location on a given day (Wood et al., 2013). Earlier studies typically relied on manual image 
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content analysis to interpret image features and identify specific CES flows across multiple spatial 

scales (Richards and Friess, 2015; Martínez Pastur et al., 2016; Oteros-Rozas et al., 2018).  

Recent advancements in machine learning, particularly deep learning, have enabled scalable 

automated content analysis for CES flows (Langemeyer et al., 2023). Supervised approaches 

typically frame CES detection as an image classification task, fine-tuning convolutional neural 

networks (CNNs) such as VGG16 (Simonyan and Zisserman, 2015) and ResNet (He et al., 2016) 

pretrained on ImageNet (Deng et al., 2009) or Places365 (Zhou et al., 2018). These models have 

been applied to classify Flickr images into CES categories (Havinga et al., 2021a; Cardoso et al., 

2022; Lingua et al., 2022; Winder et al., 2022; Havinga et al., 2023; Chen et al., 2025; You et al., 

2025; Comalada et al., 2025; Xu et al., 2025). While demonstrating strong performance, CNN-

based models typically require large volumes of manually labeled training data for effective 

transfer learning (Torrey and Shavlik, 2010), which limits scalability, especially for rare CES 

classes. In addition, these models are inherently constrained by the predefined categories and the 

geographic or cultural contexts represented in the training data, reducing their adaptability to novel 

CES classes or new spatial settings. 

To reduce reliance on labeled data, a number of studies have explored unsupervised approaches 

by applying clustering algorithms, such as K-means (Huai et al., 2022) and hierarchical clustering 

(Richards and Tunçer, 2018; Lee et al., 2019; Goldspiel et al., 2023; Yee and Carrasco, 2024), as 

well as topic modeling techniques (Egarter Vigl et al., 2021) to machine generated keywords and 

tags produced by commercial cloud vision services such as Google Cloud Vision, Microsoft Azure 

Cognitive Services, and Clarifai. These approaches can reveal latent patterns and offer greater 

flexibility for CES classification across diverse contexts. However, the machine generated tags 

typically require human interpretation to translate objects or scene attributes into meaningful CES 

themes (Cao et al., 2022; Richards and Lavorel, 2022; Chai-allah et al., 2025), and the resulting 

clusters often do not align well with standardized CES typologies such as the Common 

International Classification of Ecosystem Services (CICES) (Haines-Young, 2023). Moreover, 

commercial tagging services show substantial variation in how they identify and characterize CES-

related content (Ghermandi et al., 2022), and their full-featured versions are not freely accessible, 

limiting the scalability and reproducibility of large-scale CES assessments. 

In contrast to the aforementioned learning paradigms, foundation vision–language models 

(VLMs) trained on paired image–text data have recently transformed computer vision (Bordes et 

al., 2024; Zhang et al., 2024) and offer strong potential for transferable, label-efficient analysis of 

social media image content in CES assessments. By aligning visual and textual representations in 

a shared semantic space, VLMs support zero-shot classification, enabling recognition of categories 

without task-specific retraining. A leading example is the open-source Contrastive Language–

Image Pre-training (CLIP) model (Radford et al., 2021). Trained on hundreds of millions of web-

scale image–text pairs through contrastive learning, CLIP embeds images and natural-language 

prompts into a shared semantic space and infers the most relevant category based on cosine 

similarity between their embeddings. This multimodal design enables CLIP to associate images 

with CES-related categories expressed as natural-language prompts (e.g., “This is an image of 

wildlife viewing”), making prompt-based CES classification both scalable and transferable across 

diverse contexts. Recent environmental applications of CLIP, including assessing perceptions of 

park accessibility and quality from social media (Zhao et al., 2024) and identifying species from 

iNaturalist data (Liu et al., 2024), highlight its potential for CES research.  
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CLIP’s open-vocabulary capability provides a strong foundation for CES classification, though 

its performance depends on how textual prompts are formulated. Prompt engineering, the design 

of natural-language descriptions to guide model interpretation, has become central to the effective 

use of VLMs (Zhou et al., 2022a). Prior studies show that well-crafted prompts can enhance zero-

shot classification accuracy across various domains (Yong et al., 2023; Shtedritski et al., 2023; 

Levering et al., 2024; Russe et al., 2024). In CES-related work, Luo et al. (2025) evaluated 

prompting strategies using large language models (LLMs) to classify CES from text reviews on 

the Ctrip platform. They compared task-defining, CES-descriptive, location-aware, and keyword-

assisted prompts, and found that engineered prompts outperformed non-prompted baselines for 

several CES categories, underscoring the importance of class-specific prompt design for CES 

applications. Yet, the potential of VLMs such as CLIP for image-based CES classification remains 

largely unexplored. Given that CLIP infers labels by comparing images with CES-related textual 

descriptions, it is important to examine how prompt specificity, from concise to detailed or mixed 

descriptions, influences CES identification. 

Beyond prompt sensitivity, CLIP exhibits limitations when applied to open-world social media 

imagery, where many photos are unrelated to CES or represent CES beyond the targeted 

categories. Although CLIP appears open-vocabulary, it still operates under a closed-set assumption 

by comparing each image to a finite, prompt-defined set of CES classes, often forcing irrelevant 

content into one of the known categories (Miller et al., 2025). Under closed-set conditions, the 

model cannot reject out-of-scope imagery, leading to systematic misclassification of non-CES 

photos (e.g., selfies, advertisements) and CES types not represented in the prompt set—an open-

set recognition challenge shared by CLIP and many prompt-based VLMs. Compounding this, 

CLIP’s limited capacity to interpret linguistic negation (Quantmeyer et al., 2024; Park et al., 2025; 

Kang et al., 2025) complicates the construction of effective negative prompts for representing the 

broad “other” class. These challenges underscore the need for explicit open-set filtering 

mechanisms when applying CLIP to noisy social media data. 

To address these challenges, this study presents one of the first large-scale applications of CLIP 

with open-set filtering for CES classification and flow mapping from social media imagery. We 

developed a scalable and label-efficient CLIP-based framework to map 12 CES across Florida’s 

natural and working lands (NWLs), including 10 outdoor recreation, wildlife viewing, and 

landscape aesthetics categories, along with an ‘other’ class for irrelevant content. We evaluated 

three text-prompt strategies with varying semantic richness to assess CLIP’s zero-shot 

performance under closed-set conditions. We then benchmarked three modeling pipelines that 

differ in their use of CLIP’s zero-shot capability and level of supervision to address open-set 

recognition: (1) a minimally supervised zero-shot model with class-specific cosine similarity 

thresholds; (2) a hybrid pipeline that integrates a lightweight binary classifier to filter irrelevant 

images while retaining zero-shot classification for CES categories; and (3) a fully supervised 

multi-class classifier trained on CLIP embeddings for all classes. These comparisons demonstrate 

how CLIP can be leveraged as a foundation VLM to achieve accurate and robust CES classification 

under label-efficient learning regimes. Specifically, our study addressed the following questions: 

(1) How effectively can CLIP classify CES using zero-shot learning under closed-set 

conditions, and how does its performance vary across simple, detailed, and mixed prompt-

design strategies? 
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(2) How do the three CLIP-based modeling pipelines differ in accuracy and open-set 

robustness when classifying CES from highly variable social media imagery under low-

label conditions? 

(3) What spatial patterns of CES flows emerge across Florida’s natural and working lands, and 

how are these flows associated with underlying land-use/land-cover compositions?  

2. Methodology 

Figure 1 illustrates the overall research framework, which includes: (1) retrieval of geotagged 

Flickr images and spatial filtering to Florida’s NWLs; (2) CES classification using three CLIP-

based modeling pipelines, followed by model evaluation and comparison; and (3) spatial analysis 

and visualization of CES flows. 

 
Figure 1. Research framework leveraging geotagged social media images and CLIP-based 

vision–language modeling for cultural ecosystem service assessment. 
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2.1 Flickr Data Collection and Spatial Filtering 

Approximately 1.68 million of geotagged Flickr images taken between 1 January 2014 and 31 

December 2019 in Florida were retrieved by querying the Flickr Application Programming 

Interface (API). The retrieval period ended in 2019 to avoid the influence of COVID-19-related 

regulations on human mobility patterns. Each image included spatiotemporal metadata essential 

for estimating CES flows: (1) a unique photo ID, (2) a unique owner ID identifying the user, (3) 

the date the photo was taken, and (4) geographic coordinates (latitude and longitude).  

Spatial filtering was applied to retain only images located within Florida’s NWLs, which 

encompass a diverse mosaic of wetlands, croplands, rangelands, forestlands and urban greenspaces 

(U.S. Climate Alliance, 2022). Specifically, images located in urban areas (U.S. Census Bureau, 

2020) were excluded unless they overlapped with national parks, state parks, protected areas, or 

other greenspaces in urban environments. Spatial boundaries for filtering were derived from 

multiple sources: state park boundaries from the Florida Department of Environmental Protection 

(FDEP, 2025), national parks from the National Park Service (NPS Land Resources Division, 

2025), protected areas from the U.S. Geological Survey’s Gap Analysis Project (USGS GAP, 

2024), and urban greenspaces from the ParkServe database (Trust for Public Land, 2025). The 

filtering process resulted in about 590,000 images for CES analysis. 

2.2 Manual Image Labeling 

We focused on three broad CES categories: (1) nature-based outdoor recreation, (2) wildlife 

viewing, and (3) landscape aesthetics. Within the recreation category, we identified 10 most 

common recreational activities in Florida based on state agency reports from the Florida State 

Parks (FDEP, 2025). A total of 4305 Flickr images were manually labeled across these 12 CES 

classes, along with an additional “other” class representing primarily irrelevant or noisy content 

(e.g., indoor or non-nature-related scenes), though it may also include CES types not explicitly 

addressed in this study (e.g., cultural heritage or spiritual inspiration). The labeled dataset was 

divided into two subsets: the development set (n = 120) and the testing set (n = 4185), as shown in 

Table 1. Each CES class contained at least 180 labeled images, with only 5 deliberately allocated 

for prompt tuning and supervised learning to represent low-label conditions in CES classification. 

Table 1. Number of labelled geotagged Flickr images in the study. 

  Broad CES Category CES Classes Development Set Testing Set 

1 

Outdoor Recreation 

Biking 5 182 

2 Boating 5 312 

3 Camping 5 234 

4 Fishing 5 251 

5 Hiking 5 478 

6 Horseback Riding 5 248 

7 Hunting 5 177 

8 Shelling 5 183 

9 Surfing 5 191 

10 Swimming 5 425 

11 Wildlife Viewing Wildlife Viewing 5 380 

12 Landscape Aesthetics Landscape Aesthetics 5 404 

13 Other*  60 720 
 Total   120 4185 

* The “other” class includes images that do not belong to any of the 12 targeted CES classes.  
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2.3 CLIP Model 

The open-source CLIP model enables effective zero-shot classification by jointly aligning 

visual and textual representations within a shared embedding space (Radford et al., 2021). It 

consists of a visual encoder and a text encoder trained jointly via contrastive learning, which 

maximizes the cosine similarity between matched image–text pairs while minimizing it for 

mismatched pairs. Formally, given an image 𝐼 and text description 𝑇: 

𝑣 = 𝑓𝜃(𝐼) (1) 

𝑢 = 𝑔𝜃(𝑇) (2) 

𝑣, 𝑢 ∈ 𝑅𝑑 (3) 

where 𝑓𝜃(⋅) and 𝑔𝜃(⋅) denote the image and text encoders, respectively, and 𝑣  and 𝑢  are their 

corresponding embedding vectors. To normalize the embeddings, the L2-norm is applied: 

𝑣 =
𝑣

‖𝑣‖
 (4) 

𝑢̂ =
𝑢

‖𝑢‖
 (5) 

The cosine similarity between the image and text embeddings is then computed as: 

𝐶𝑜𝑠𝑆𝑖𝑚(𝐼, 𝑇) = 𝑣𝑇𝑢̂ =
𝑣𝑇𝑢

‖𝑣‖‖𝑢‖
 (6) 

Given an image 𝐼 with 𝑘 candidate text prompts, the predicted class is obtained by selecting the 

prompt with the highest cosine similarity: 

𝐶𝐼 = argmax
𝑘

𝑣𝑇𝑢𝑘

‖𝑣‖‖𝑢𝑘‖
 (7) 

where 𝐶𝐼 denotes the predicted class for image 𝐼.  

CLIP has demonstrated excellent zero-shot performance on standard benchmarks such as 

ImageNet-1k and Caltech-101 without requiring task-specific retraining (Cherti et al., 2023; 

Ilharco et al., 2025). For this study, we used MobileCLIP-S1 (Vasu et al., 2024), a state-of-the-art 

CLIP variant that integrates a hybrid CNN-Transformer architecture optimized for efficient 

inference and high classification accuracy. To benchmark performance across architectures and 

model scales, we additionally evaluated four representative CLIP variants using the same natural 

language prompts on the development set: ViT-B/32 (Dosovitskiy, 2020; Radford et al., 2021)  

and RN101 (He et al., 2016; Radford et al., 2021), EVA-01-CLIP-g/14 (Sun et al., 2023), and 

convnext_base_w (Liu et al., 2022; Tan et al., 2025). The classification process involved 

computing cosine similarity between each test image and a predefined set of simple text prompts 

(Table 2), assigning the label corresponding to the highest similarity score. All models were 

implemented in PyTorch (Paszke et al., 2019) and executed on the University of Florida’s 

HiPerGator supercomputing cluster with a Blackwell B200 GPU, eight Intel Xeon Platinum 8570 

56-core processors, and 64 GB of RAM. 

2.4 CES Prompt Tuning 

We developed three types of text prompts: simple, detailed, and mixed, for each of the 12 CES 

classes (Table 2). Simple prompts consisted of short, generic labels (e.g., “This is hiking”), whereas 

detailed prompts provided richer semantic descriptions capturing the visual and contextual 

characteristics of each CES class. Mixed prompts combined elements of both, retaining the simple 

form or adopting the detailed version depending on which yielded better class-specific 

performance on the development set. To ensure conceptual alignment between text descriptions 
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and visual representations, the detailed prompts were informed by visual patterns observed in the 

development set, conceptual definitions from the Common International Classification of 

Ecosystem Services (CICES v5.2; Haines-Young, 2023), and insights from prior CES literature 

(Rosenberger et al., 2017; Mitten et al., 2018; Lingua et al., 2022, 2023; Winder et al., 2022). 

These prompt variants allowed us to examine how varying levels of semantic richness influence 

CLIP’s zero-shot performance in classifying CES-related images. 

Table 2. Simple, detailed, and mixed text prompts used for CES classification with CLIP across 

the 12 CES classes. 

 CES Class Simple prompt Detailed Prompt Mixed Prompt 

1 Biking This is biking. 

This is an image of a person riding 

a bicycle or mountain bike off-road 

and over rough or scenic terrain. 

This is biking. 

2 Boating This is boating. 

This is an image of boating with 

powerboats or human-powered 

vessels such as rowboats or paddle 

boats. 

This is an image of 

boating with powerboats 

or human-powered 

vessels such as rowboats 

or paddle boats. 

3 Camping This is camping. 

This is an image of a person or a 

tent set up in a campground, 

camping vehicle, temporary shelter, 

or cabin. 

This is camping. 

4 Fishing This is fishing. 

This is an image of people near a 

river, lake, pond, canal, wetland, or 

reservoir, fishing with gear such as 

a rod, reel, and bait. 

This is fishing. 

5 Hiking This is hiking. 

This is an image of people hiking or 

taking a casual walk on challenging 

scenic trails or through breathtaking 

countryside. 

This is an image of 

people hiking or taking a 

casual walk on 

challenging scenic trails 

or through breathtaking 

countryside. 

6 
Horseback 

Riding 

This is horseback 

riding. 

This is an image of a person riding 

a horse for recreation or standing 

near a horse trailer. 

This is horseback riding. 

7 Hunting This is hunting 

This is an image of a hunter posing 

with a large kill, cleaning or gutting 

the carcass of a feral animal. 

This is an image of a 

hunter posing with a 

large kill, cleaning or 

gutting the carcass of a 

feral animal. 

8 Shelling This is shelling. 

This is an image of a person 

collecting seashells or seashells 

displayed on the beach. 

This is shelling. 

9 Surfing This is surfing. 

This is an image of people surfing 

on ocean waves or holding a 

surfboard on the beach. 

This is an image of 

people surfing on ocean 
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waves or holding a 

surfboard on the beach. 

10 Swimming This is swimming 

This is an image of people wearing 

swimsuits while swimming in a 

pool, lake, or ocean. 

This is an image of 

people wearing 

swimsuits while 

swimming in a pool, 

lake, or ocean. 

11 
Wildlife 

Viewing 

This is wildlife 

viewing. 

This is an image without people, 

showing wildlife such as birds, 

flowers, or fungi in a natural 

environment. 

This is an image without 

people, showing wildlife 

such as birds, flowers, or 

fungi in a natural 

environment. 

12 
Landscape 

Aesthetics 

This is landscape 

aesthetics. 

This is an image without people, 

showing a natural, soothing, and 

vibrant panoramic landscape. 

This is an image without 

people, showing a 

natural, soothing, and 

vibrant panoramic 

landscape. 

2.5 CLIP-based Modeling Pipelines under Open-Set Conditions 

Open-ended social media imagery contains substantial content unrelated to the targeted CES 

categories. Robust CES classifiers must therefore not only recognize relevant classes accurately 

but also effectively reject inputs outside the predefined query set. To assess classification accuracy 

and robustness, we compared three CLIP-based pipelines that share a common embedding 

backbone but differ in their supervision level and classification design. The first two pipelines 

employ CLIP’s zero-shot image–text alignment for CES classification, whereas the third uses 

CLIP solely as a fixed image feature extractor for supervised learning with a few-shot setting. All 

pipelines used the same small, labeled development dataset (n = 120) for threshold or classifier 

calibration and were evaluated on 4,185 labeled test images (Table 1), ensuring consistent and 

comparable performance assessment. 

2.5.1 Zero-Shot with Threshold Filtering (CLIP-ZS-TF) 

This pipeline leverages CLIP’s zero-shot mechanism to assign each image to one of 12 CES 

categories based on the cosine similarity between image and text embeddings generated from the 

optimized prompts. To handle open-set conditions, we applied a predictive-uncertainty filter using 

class-specific cosine similarity thresholds. These thresholds were empirically derived from the 

labeled development set by analyzing the similarity distribution of true positives within each class 

and selecting the minimum observed similarity as the cutoff (Table S.1). During inference, CLIP 

predicts the most similar CES class from the query set; if the corresponding similarity is below 

that class’s threshold, the image is classified as “other.” This uncertainty-aware filtering excludes 

low-confidence predictions while maintaining the label efficiency and scalability of zero-shot 

classification. 

2.5.2 Supervised Filtering with Zero-Shot Classification (CLIP-BRF-ZS) 

This pipeline experiments with few-shot learning, which integrates a lightweight supervised 

filtering step with zero-shot CES classification. A Binary Random Forest (BRF) classifier 

(Breiman, 2001) was trained on CLIP’s 512-dimensional image embeddings from the same 

development set to distinguish CES-relevant from irrelevant (“other”) images. The training data 
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comprised 60 positive examples (5 per CES class) and 60 negative examples (Table 1). Model 

hyperparameters (e.g., number of trees, maximum depth) were optimized via grid search with 3-

fold cross-validation (Table S.2). During inference, each image first passes through the BRF filter: 

images classified as “other” are excluded, while CES-relevant images are subsequently 

categorized into 12 CES classes using CLIP’s zero-shot inference with the optimized prompt set. 

The BRF was implemented in Python 3.10.18 using Scikit-learn (Pedregosa et al., 2011). 

2.5.3 Fully Supervised Multiclass Classification (CLIP-MRF) 

As a fully supervised method, this pipeline bypasses zero-shot inference and trains a multi-

class Random Forest (MRF) directly on CLIP’s image embeddings from the same development 

dataset to predict among 13 classes (the 12 CES types plus “other”). CLIP encoders remain frozen, 

with supervision applied only at the classifier level. Model hyperparameters were tuned via grid 

search with 3-fold cross-validation (Table S.2). During inference, the MRF directly outputs the 

final class label, serving as a reference for the performance achievable through fully supervised 

learning under a few-shot setting. 

2.6 Model Evaluation 

Model performance was evaluated on the testing set (n = 4185) using confusion matrices and 

macro-level metrics: precision, recall, and F1-score (Bishop and Nasrabadi, 2006). Macro metrics 

average performance equally across classes, while micro metrics weight results by class size. 

Given class imbalance in the testing set, only macro metrics were reported to ensure a balanced 

evaluation across CES categories. Precision measures the proportion of correctly predicted images 

among all images assigned to a given class, reflecting the ability to avoid false positives. Recall 

measures the proportion of actual class instances correctly classified, reflecting the ability to avoid 

false negatives. F1-score is the harmonic mean of precision and recall, balancing both types of 

classification error. We also report overall accuracy, defined as the proportion of correctly 

classified instances across all classes. Robustness to irrelevant content was evaluated using the F1-

score of the ‘other’ class (F1-other) and the macro-averaged F1-score across all 13 classes (F1-

macro). A robust pipeline is characterized by simultaneously high F1-other and F1-macro, 

indicating effective rejection of irrelevant images without compromising CES classification 

accuracy. 

2.7 CES Flows Quantification and Spatial Analysis 

We applied the best-performing CLIP pipeline with the optimal model variant and prompts to 

classify over 590,000 geotagged Flickr images across Florida’s NWLs into 12 CES classes. To 

reduce bias from highly active users who may upload multiple images during a single visit, user 

activity was summarized as photo-user-days (PUDs), which count unique users per location per 

day and serve as a proxy for visitation intensity (Wood et al., 2013). For each CES class 𝑐, CES 

flow was quantified as the average annual PUDs across all years (𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑦𝑟) at a 1 km resolution: 

𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑦𝑟(𝑖, 𝑐) =  

1

𝑇
∑ 𝑃𝑈𝐷𝑡(𝑖, 𝑐)𝑇

𝑡=1                                                      (8) 

where 𝑃𝑈𝐷𝑡(𝑖, 𝑐) is the total number of PUDs for class c in grid cell i during year t, and T is 

the number of years included in the analysis. To account for variation in user activity, we further 

derived per-user flow intensity (𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑢𝑠𝑒𝑟,𝑦𝑟):  

𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑢𝑠𝑒𝑟,𝑦𝑟(𝑖, 𝑐) =

𝑃𝑈𝐷̅̅ ̅̅ ̅̅ 𝑦𝑟(𝑖,𝑐)

𝑁𝑢𝑠𝑒𝑟
                                                          (9) 



 
 

12 
 

where 𝑁𝑢𝑠𝑒𝑟 denotes the total number of unique users contributing geotagged images during 

the study period. The resulting unit is PUD ⋅ user-1 ⋅ year-1. Spatial patterns of both metrics were 

examined on a 1 km grid using kernel density estimation with a Gaussian kernel and bandwidth 

selected via Silverman’s rule (Silverman, 1986), allowing identification of hotspots and statewide 

gradients. Flow volumes and per-user intensities were summarized across NWLs types (i.e., 

national and state parks, protected areas, urban and non-urban greenspaces, and other NWLs), and 

by major land use/cover (LULC) classes from the 2019 National Land Cover Database (USGS, 

2024) to evaluate how different landscape compositions support total and individual CES delivery. 

To facilitate exploration of these outputs, we developed an interactive online mapping platform 

(https://es-geoai.rc.ufl.edu/agroes-ces-clip/) that visualizes gridded CES flow surfaces and 

activity-specific CES bundles summarized at the Census Block Group level. The platform enables 

users to toggle among CES types, inspect spatial hotspots, and explore flow patterns alongside 

socioeconomic and demographic indicators from the U.S. Census, providing an accessible 

interface for researchers, planners, and stakeholders to interact with and interpret the results. 

3. Results 

3.1  Model Performance Across CLIP Variants 

Table 3 summarizes the closed-set performance of five CLIP variants using simple prompts on 

the development set for zero-shot classification across the 12 CES classes (excluding the ‘other’ 

class). Among ViT-B/32, RN101, EVA-01-CLIP-g/14, convnext_base_w, and MobileCLIP-S1, 

the MobileCLIP-S1 model achieved the best performance across all metrics, reaching 90% overall 

accuracy, 0.92 precision, 0.90 recall, and 0.90 F1-score. Notably, MobileCLIP-S1 outperformed 

larger transformer-based models such as EVA-01-CLIP-g/14 and ViT-B/32, indicating that its 

hybrid CNN–Transformer architecture effectively balances semantic representation and 

computational efficiency. In contrast, the CNN-based RN101 and convnext_base_w models 

showed lower accuracies (78–80%), reflecting their reduced ability to capture CES-relevant 

visual–semantic relationships in zero-shot settings. Overall, MobileCLIP-S1 provided the most 

accurate and consistent baseline for subsequent prompt tuning and CES classification under open-

set conditions. 

Table 3. Closed-set zero-shot classification performance of CLIP variants on the development set 

across 12 CES classes using simple prompts. 

Model Accuracy (%) Macro precision Macro recall Macro F1-score 

ViT-B/32 87 0.88 0.87 0.86 

RN101 78 0.84 0.78 0.77 

EVA01-CLIP-g/14 85 0.91 0.85 0.84 

convnext_base_w 80 0.84 0.80 0.80 

MobileCLIP-S1 90 0.92 0.90 0.90 

3.2  Effects of Prompt Types 

Table 4 summarizes the closed-set zero-shot classification performance of MobileCLIP-S1 

across the 12 CES classes (excluding the “other” class) using simple, detailed, and mixed prompts. 

Overall accuracy increased from 90% with simple prompts to 92% with detailed prompts and 97% 

with mixed prompts. Similar gains were observed in macro precision, recall, and F1-score, 

indicating that prompt design substantially affects CLIP’s text–image alignment and classification 

accuracy. Simple prompts remained adequate for visually distinctive and context-independent 

https://es-geoai.rc.ufl.edu/agroes-ces-clip/
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activities such as biking, camping, fishing, horseback riding, and shelling. Detailed phrasing 

modestly improved overall recall, suggesting that richer textual context helps CLIP recognize a 

broader range of semantically relevant imagery, particularly for visually or thematically 

overlapping categories, improving the distinguishment of swimming from other water-based 

recreation, landscape aesthetics from hiking, hiking from camping, and wildlife viewing from 

hunting. The mixed prompt strategy achieved the highest overall performance by tailoring prompt 

semantic richness to class characteristics, retaining concise phrasing for visually distinct activities 

while adding contextual detail where semantic overlap was high.  

Table 4. Closed-set zero-shot classification performance of MobileCLIP-S1 on the development 

set across 12 CES classes (excluding the “other” class) using simple, detailed, and mixed prompts. 

  Simple prompt Detailed Prompt Mixed Prompt 

Accuracy (%) 90     92     97     

Macro Precision 0.92     0.93     0.97     

Macro Recall 0.90     0.92     0.97     

Macro F1-Score 0.90     0.91     0.96     

3.3  Model Performance under Open-Set Conditions 

Among the three CLIP-based modeling pipelines, CLIP-BRF-ZS achieved the highest 

performance and strongest robustness to open-set conditions (Table 5), reaching 88% overall 

accuracy with balanced precision (0.88), recall (0.88), F1-other (0.91) and F1-macro (0.88). In 

comparison, CLIP-ZS-TF attained 78% accuracy (F1-other = 0.66, F1-macro = 0.80), while the 

fully supervised CLIP-MRF lagged behind with 69% accuracy and poor open-set robustness (F1-

other = 0.55, F1-macro = 0.75).  

The CLIP-MRF model exhibited unstable behavior under limited labels, with very low recall 

for landscape aesthetics (0.16) and frequent misclassification of irrelevant imagery (Figure 2). 

While CLIP-ZS-TF retained high precision for most CES classes, it suffered from poor precision 

for the “other” class (0.50), indicating that many valid CES images were incorrectly rejected as 

irrelevant content because of its conservative similarity thresholds. It also exhibited lower overall 

recall (0.77), particularly in fishing (recall = 0.26).  

By contrast, CLIP-BRF-ZS effectively mitigated both types of errors, raising precision for 

“other” class to 0.86 while retaining high recall (0.96), and substantially improving recall for 

challenging CES classes such as fishing (from 0.26 to 0.93) and landscape aesthetics (from 0.67 

to 0.85). Overall, the CLIP-BRF-ZS pipeline maintained consistently high F1-scores (0.81–0.97) 

across all classes, underscoring the effectiveness of integrating lightweight supervised filtering 

into the zero-shot CLIP framework. This approach enables reliable discrimination of CES-relevant 

from irrelevant imagery and robust generalization to large, open-world social media datasets under 

low-label conditions. 
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Table 5. Comparative performance of three CLIP-based modeling pipelines on the testing set 

under open-set conditions. 

  CLIP-ZS-TF CLIP-BRF-ZS CLIP-MRF 

CES Class Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score 

Biking 0.97 0.84 0.90 0.93 0.83 0.88 0.99 0.82 0.90 

Boating 0.95 0.67 0.79 0.91 0.75 0.82 0.93 0.55 0.69 

Camping 0.95 0.89 0.92 0.96 0.82 0.88 0.99 0.59 0.74 

Fishing 0.94 0.26 0.41 0.80 0.93 0.86 0.94 0.55 0.70 

Hiking 0.96 0.64 0.77 0.91 0.79 0.85 0.96 0.54 0.69 

Horseback Riding 0.98 0.70 0.81 0.98 0.96 0.97 1.00 0.92 0.96 

Hunting 0.85 0.81 0.83 0.80 0.83 0.81 0.94 0.64 0.76 

Shelling 0.86 0.98 0.92 0.83 0.95 0.88 0.94 0.78 0.85 

Surfing 0.84 0.95 0.89 0.85 0.95 0.90 0.92 0.92 0.92 

Swimming 0.98 0.78 0.87 0.95 0.91 0.93 0.98 0.82 0.89 

Wildlife Viewing 0.85 0.85 0.85 0.85 0.90 0.88 0.99 0.68 0.81 

Landscape 

Aesthetics 
0.91 0.67 0.77 0.86 0.85 0.85 0.73 0.16 0.26 

Other class 0.50 0.97 0.66 0.86 0.96 0.91 0.38 1.00 0.55 

Accuracy (%) 78   88     69   

Macro Precision 0.89   0.88     0.90   

Macro Recall 0.77   0.88     0.69   

Macro F1-score 0.80   0.88     0.75   

 

 

Figure 1. Normalized confusion matrices for the three CLIP modeling pipelines (a) CLIP-ZS-TF, 

(b) CLIP-BRF-ZS, and (c) CLIP-MRF on the testing set under open-set conditions. 

3.4 CES Flow Quantification 

Using the CLIP-BRF-ZS modeling pipeline with the MobileCLIP-S1 model and mixed 

prompts, we classified over 590,000 Flickr images into 12 CES categories across Florida’s NWLs 

from 2014 to 2019 (Figure 3).  
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Figure 3.  Example predictions for the 12 CES classes from Flickr images using the CLIP-BRF-

ZS model. 

Table 6 summarizes the magnitude and variability of CES flows across NWLs in Florida at 1 

km resolution. Urban greenspaces exhibited the highest mean values for both flow metrics (i.e., 

mean 𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑦𝑟 =  1.46 , mean 𝑃𝑈𝐷̅̅ ̅̅ ̅̅

𝑢𝑠𝑒𝑟,𝑦𝑟 =  0.28 ), underscoring their central role as key CES 

benefiting areas. State and national parks showed moderate total flow and slightly lower per-user 

activity intensity. Protected areas and other NWLs had lower mean totals but the highest 

coefficients of variation (CV > 3.6), indicating pronounced spatial heterogeneity and localized 

CES hotspots within these landscapes. Notably, national parks exhibited the highest per-user 

variability (CV = 4.67), suggesting considerable differences in visitor engagement among sites. 

Table 6. Descriptive statistics of CES flows at 1 km resolution by NWL types. 

NWL types  
Average annual PUDs (𝑃𝑈𝐷̅̅ ̅̅ ̅̅

𝑦𝑟) 
Average annual PUDs per user 

(𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑢𝑠𝑒𝑟,𝑦𝑟) 

Min Max Mean Std CV Min Max Mean Std CV 

Urban greenspaces 0.17 107.2 1.46 4.34 2.97 0.17 13.8 0.28 0.55 1.95 

Non-urban 

greenspaces 
0.17 11.5 0.60 1.14 1.91 0.17 2.7 0.22 0.22 1.00 

State parks 0.17 31.7 0.93 2.16 2.32 0.17 4.7 0.22 0.20 0.90 

National parks 0.17 44.8 1.04 2.94 2.82 0.17 29.8 0.24 1.11 4.67 

Protected areas 0.17 91.5 0.73 2.66 3.66 0.17 8.7 0.26 0.37 1.42 

Other NWLs 0.17 75.3 0.51 1.86 3.69 0.17 32.2 0.25 0.79 3.10 

Std: standard deviation, cv: coefficients of variation. 
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3.5 Spatial Patterns of CES Flows across NWLs 

Figures 4 and 5 illustrate the spatial distribution of average annual CES flows (𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑦𝑟) across 

Florida for outdoor recreation, wildlife viewing, and landscape aesthetics. Statewide, all three CES 

types exhibited broadly similar spatial gradients, with the most prominent hotspots concentrated 

along both coasts and around major inland greenspaces (Figure 4). This consistency indicates that 

many locations simultaneously delivered multiple CES, while subtle differences in hotspot 

intensity reflect service-specific emphases: recreation and aesthetics peak along densely visited 

coastal regions, whereas wildlife viewing extends more broadly across inland park systems. Figure 

5a further provides localized examples showing that high-flow areas for outdoor recreation closely 

aligned with the distribution of national and state parks, confirming a strong spatial coupling 

between recreational use and protected park landscapes.  

These general patterns were further differentiated when examining each broad CES category 

individually. For outdoor recreation (Figure 4a; Figure 5b), high flows concentrated around major 

coastal and aquatic destinations such as Gulf Islands National Seashore and Skyway Fishing Pier 

State Park, as well as near prominent inland springs and lake systems. Wildlife viewing (Figure 

4b; Figure 5c) hotspots occurred primarily within protected forests and wetland mosaics, including 

Apalachicola National Forest, Paynes Prairie Preserve State Park, Wekiwa Springs State Park, and 

J.N. “Ding” Darling National Wildlife Refuge, reflecting the high biodiversity of these habitats. 

Landscape aesthetics (Figure 4c; Figure 5d) exhibited dense clusters across coastal, estuarine, and 

riverine landscapes, with notable hotspots in Fred Gannon Rocky Bayou State Park, Waccasassa 

Bay State Preserve, Palatka–St. Augustine State Trail, and the Everglades National Park.  

Statewide, wildlife viewing (38%) and landscape aesthetics (34%) contributed the largest 

shares of total CES flow volumes, followed by outdoor recreation (28%). The pie charts in Figure 

4 (right panels) further summarize the relative contributions of greenspace types and other NWLs 

to overall CES flows. In general, protected areas and urban greenspaces emerged as the dominant 

service benefiting areas. Urban greenspaces supported 22% of wildlife-viewing, 28% of 

recreational, and 27% of aesthetic flows, exceeding the individual contributions of state and 

national parks (10–14%). Protected areas contributed 43% of total wildlife-viewing flows, 

consistent with their core role in biodiversity conservation and habitat provision. Beyond 

designated greenspaces, CES flows extended widely across other NWLs, contributing 

approximately 12–22% of total statewide activity and exhibiting distinct LULC compositions. 

Within this group, aquatic and wetland environments dominated, together accounting for 50% of 

outdoor recreation, 64% of wildlife viewing, and 56% of landscape aesthetics. Barren areas, 

mainly beaches and coastal dunes, contributed 25% and 23% to recreation and aesthetics, 

respectively, emphasizing the recreational and scenic value of Florida’s shoreline. Working lands 

also played a measurable role: cultivated crops (6–13%) were more associated with recreation, 

while pasture and hay fields (8–10%) contributed more evenly across all three broad CES 

categories, indicating that managed rural landscapes continue to provide realized cultural benefits. 
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Figure 4. Kernel density estimation of average annual CES flows (𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑦𝑟) at 1 km resolution 

across Florida for (a) outdoor recreation, (b) wildlife viewing, and (c) landscape aesthetics by 

NWLs. 
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Figure 5. Spatial distribution of average annual CES flows (𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑦𝑟) at 1 km resolution across 

Florida. (a) Kernel density of outdoor recreation flows overlaid with National and State Parks; 

(b–d) zoom-in views of flows for outdoor recreation, wildlife viewing, and landscape aesthetics. 

Park abbreviations follow FDEP (2025) and NPS Land Resources Division (2025) definitions. 

Figure 6 disaggregates the broad recreation category to reveal activity-specific CES flow 

patterns and their distinct ecological and spatial contexts. The distribution of activities (Figure 6a) 

shows that other NWLs, protected areas, and urban greenspaces supported most recreational flows, 

while state and national parks contributed smaller but well-balanced shares across all activities. 

The underlying LULC composition (Figure 6b) further highlights the landscape diversity 

underpinning these activities. Shelling, surfing, and swimming were concentrated in barren areas 

corresponding to Florida’s coastal beaches. Boating and fishing were closely associated with open 

water and wetlands, aligning with their aquatic settings. Wetlands also supported a wide range of 

non-aquatic activities, in particular hiking and hunting, underscoring their dual ecological and 

recreational importance. Working lands contributed smaller yet notable shares of recreational 

flows: cultivated crops were linked to general outdoor recreation, while pasture and hay fields 

were primarily associated with horseback riding, reflecting the combined agricultural and leisure 

use of these landscapes. 
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Figure 6. Activity-specific average annual CES flows (𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑦𝑟) by (a) NWLs and (b) LULC 

types. 

3.6 Per-User CES Flow Patterns 

Per-user average annual CES flow intensity (𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑢𝑠𝑒𝑟,𝑦𝑟) was more evenly distributed across 

Florida than total flows, with moderate but consistent hotspots along both coasts and around major 

inland greenspaces (Figure S.1). Across NWLs, urban greenspaces exhibited the highest average 

per-user intensity (0.28), followed by protected areas, other NWLs and national parks (0.24–0.26), 

while both non-urban greenspaces and state parks showed slightly lower values (0.22; Figure 7 

and Table S.3). These results indicate that intensive individual CES flow was not confined to 

formal park systems; rather, accessible spaces and multifunctional working landscapes often 

support comparable or stronger per-user interactions. Per-user intensities varied markedly across 

LULC types (Figure 8; Table S.4). Cultivated crops showed the highest mean per-user intensity 
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(0.32), driven largely by camping and fishing, highlighting the combined agricultural and 

recreational functions of working landscapes. Wetlands, water, and barren coastal areas exhibited 

moderate but consistent intensities (0.23), followed by pasture/hay (0.22), forests and herbaceous 

areas (0.21), and shrublands (0.18). Overall, most LULC types support a relatively diverse and 

balanced mix of CES flows, whereas croplands display a highly concentrated and uneven activity 

profile despite their high mean intensity. 

 

Figure 7. Per-user CES flow intensity across NWLs and CES classes. Values represent mean 

𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑢𝑠𝑒𝑟,𝑦𝑟. 
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Figure 8. Per-user CES flow intensity by CES classes and LULC types. Values represent mean 

𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑢𝑠𝑒𝑟,𝑦𝑟. 

4. Discussion 

4.1 Advancing CES Classification with Vision–Language Models 

Recent advances in deep learning have opened new opportunities for CES research, enabling 

automated analysis of large volumes of social media imagery (Ghermandi and Sinclair, 2019; 

Manley et al., 2022; Schirpke et al., 2023; Ghermandi et al., 2023). However, CNNs fine-tuned on 

custom datasets are often constrained by their reliance on large labeled datasets, fixed categorical 

schemes, and limited semantic interpretability, making scalability and cross-context generalization 

difficult, especially when applied to novel geographical settings (Cardoso et al., 2022; Winder et 

al., 2022). VLMs such as CLIP directly address these limitations by aligning images and text in a 

shared embedding space, enabling zero-shot classification and open-vocabulary recognition 

through natural-language prompts (Radford et al., 2021). Building on this emerging modeling 

paradigm, our study introduces CLIP-based frameworks that deliver label-efficient, interpretable, 

and transferable CES assessments across Florida’s NWLs. 
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A key conceptual advance of our approach is the shift from closed-set, label-dependent CES 

classification toward language-grounded, open-set recognition. Traditional vision-only models can 

only predict categories on which they were explicitly trained and require substantial supervised 

data to add new classes (Torrey and Shavlik, 2010).  In contrast, CLIP enables zero-shot 

classification based on natural-language descriptions of concepts, allowing categories to be 

flexibly defined, expanded, or adapted to new regions by modifying text prompts. This capacity 

for open-vocabulary recognition represents an important step forward for CES research, where 

categories are diverse and often difficult to pre-enumerate. Our framework also improves on 

unsupervised and tag-based CES assessments that relied on machine-generated labels and required 

post-hoc interpretation to map tags to CES themes (Egarter Vigl et al., 2021; Costadone and Balzan, 

2023). Because such tags may be imprecise or inconsistent across platforms (Ghermandi et al., 

2022), resulting CES classes can diverge from established typologies such as CICES (Haines-

Young, 2023). By grounding classification directly in human-understandable language prompts, 

CLIP-based methods provide more transparent and conceptually aligned CES outputs, 

strengthening the link between model inference and CES frameworks. 

These conceptual advances are reflected in the empirical performance of our models. The 

CLIP-BRF-ZS pipeline achieved 88% overall accuracy, including strong performance on the 

“other’’ class (F1-other = 0.91), using only 120 labeled examples. This represents a major 

improvement in label efficiency relative to existing vision-based models with transfer learning, 

which typically require one to two orders of magnitude more annotated images. For instance, 

recCNNize, an InceptionResNetV2 model fine-tuned on 11,912 Flickr images to recognize 12 

recreational activities and two non-activity classes, reached 71% accuracy when evaluated in the 

region where it was trained, and 60% accuracy when applied to a novel region (Winder et al., 

2022). Similarly, Cardoso et al. (2022) fine-tuned ResNet152 models on approximately 8,500 

labeled Flickr images, reporting 87% accuracy for distinguishing natural from human-made 

elements and 77% accuracy for classifying six broad CES categories. Lingua et al. (2022, 2023) 

developed a multi-stage CNN pipeline based on ResNet-152, training one network to distinguish 

CES-relevant from irrelevant images and additional networks to classify broader CES groups and 

seven individual recreational activities, requiring 35,000 labeled images to achieve an accuracy of 

85%. Across comparable recreational classes, our model achieved higher F1-scores (e.g., biking = 

0.88 vs 0.78, camping = 0.88 vs. 0.70, hiking = 0.85 vs 0.82, wildlife viewing = 0.88 vs. 0.87) 

while using less than 0.4% of the labeled data used in prior studies.  

Beyond improvements in label efficiency, the hybrid CLIP-BRF-ZS architecture effectively 

addresses the open-set challenges inherent in social media data. While zero-shot CLIP alone 

exhibited strong CES precision, it tended to over-reject valid CES images due to conservative 

cosine-similarity thresholding, and fully supervised CLIP-MRF performed poorly under low-label 

conditions. Integrating a lightweight binary filter allowed the subsequent zero-shot classifier to 

operate on cleaner inputs, improving recall and overall robustness. This targeted pre-filtering step 

yielded clear gains in open-set robustness: the CLIP-BRF-ZS model achieved a 0.91 F1-score for 

the “other’’ class, compared with 0.68 in Lingua et al. (2022) and 0.46-0.61 in Winder et al. (2022). 

Notably, this improvement was achieved with only 60 CES-relevant and 60 CES-irrelevant 

training images, demonstrating that minimal supervision applied to CLIP’s pretrained image 

embeddings can meaningfully enhance reliability under real-world conditions. Combined with its 

strong zero-shot CES performance, the hybrid approach preserves scalability and interpretability 

while offering substantially more robust open-set rejection. 
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4.2 The Role of Prompt Design 

Building on CLIP’s semantic flexibility, our results confirm that prompt design is a key 

determinant of zero-shot classification performance (Yong et al., 2023; Malla et al., 2025). 

Consistent with prior work showing that knowledge-embedded prompts outperform generic 

formulations (Yong et al., 2023; Shao et al., 2024), we found that context-rich prompts broadened 

the semantic scope of a category and improved recall—particularly for visually diffuse CES types 

such as wildlife viewing and landscape aesthetics. Because these categories vary widely in 

composition and may contain subtle cues, adding contextual elements effectively helped CLIP 

recognize a more diverse set of relevant images. 

However, detailed prompts did not uniformly improve performance. For visually distinctive, 

action-oriented activities (e.g., fishing, camping), longer descriptions introduced semantic overlap 

with other outdoor activities and reduced inter-class separability. This aligns with evidence that 

CLIP’s text encoder is tuned to short, caption-like descriptions emphasizing dominant objects or 

actions (Zhang et al., 2024) and that uniform prompt structures may be suboptimal across classes 

(Wen et al., 2025). To address this, we adopted a mixed-prompt strategy that pairs concise, action-

centered prompts for distinctive activities with more descriptive prompts for abstract or context-

dependent CES categories. This approach increased overall zero-shot accuracy by approximately 

five percentage points, demonstrating that effective prompt design requires balancing semantic 

detail with inter-class distinctiveness. Overall, these findings show that tailoring the semantic 

richness of prompts to each CES class, rather than uniformly increasing prompt detail, is effective 

for improving zero-shot CES classification. 

4.3 Implications for Landscape Management 

The mapped CES flow patterns reveal that cultural benefits in Florida arise from a 

heterogeneous landscape mosaic that extends well beyond the boundaries of formal parks. The 

balanced yet moderate CES flows in state and national parks suggests their role as multifunctional 

but not dominant service benefiting areas. Instead, urban greenspaces, protected areas, and a wide 

range of NWLs, including waters, wetlands, croplands and rangelands, supported a large share of 

CES flows. Aquatic and coastal environments emerged as important locations for CES engagement, 

consistent with studies showing that proximity to water and shoreline amplifies outdoor 

recreational and aesthetic value (Ghermandi et al., 2009; Sander and Zhao, 2015). These systems 

supported high levels of beach recreation, fishing, boating, and scenic enjoyment, underscoring 

the centrality of Florida’s blue infrastructures to human–nature interactions. Working landscapes 

also played a meaningful role. Despite being underrepresented in CES research (Liu et al., 2019; 

Petway et al., 2020), cultivated croplands exhibited the highest per-user intensities, driven by 

activities including camping and fishing, while rangelands supported horseback riding and other 

forms of outdoor recreation. These patterns align with growing evidence that agricultural 

landscapes provide more than food production, contributing cultural and other ecosystem services 

that enhance human wellbeing (Swinton et al., 2007; van Berkel and Verburg, 2014). Policies that 

incentivize agroecological stewardship or expand recreational access can enhance these 

multifunctional benefits and sustain the cultural value of working lands alongside production goals 

(Philip Robertson et al., 2014; Plieninger et al., 2015). Together, our findings highlight the 

importance of landscape-scale planning that integrates parks, urban greenspaces, protected areas 

and other NWLs into coordinated conservation and recreation planning. The diversity of 

landscapes supporting CES flows illustrates that maintaining and enhancing a broad portfolio of 

NWLs can help sustain and expand opportunities for CES delivery across Florida, and our 
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interactive mapping platform provides a practical interface for visualizing these patterns and 

supporting landscape and spatial planning. 

4.4 Limitation and Future Directions 

Several limitations should be considered when interpreting our findings. First, while Flickr 

remains one of the most widely used social media platforms for CES research due to its open data 

accessibility and its ability to serve as a good proxy for recreational visitation in natural areas 

(Ghermandi, 2022), overall platform activity has declined in recent years, and its user base is not 

fully representative of the general population (Leppämäki et al., 2025). Although this study 

focused on pre-COVID periods and per-user engagement in our dataset remained relatively stable 

over time (Figure S.2), future work should validate Flickr-based CES flow estimates against 

survey-based visitation or anonymous mobility datasets to better assess their representativeness of 

on-site visits across NWLs.  

Model-related limitations also warrant attention. Recent advances in LLMs have enabled more 

sophisticated semantic interpretation, inference, and reasoning (Chang et al., 2023). While large 

proprietary multimodal LLMs (e.g., GPT-5 Vision, Gemini 3, and GPT-4o) may offer enhanced 

semantic reasoning to CES (Khaldi et al., 2025), their closed-source nature, high inference cost, 

and limited accessibility constrain their suitability for reproducible large-scale CES mapping. To 

ensure transparency and reproducibility, we focused on open-source VLMs that can be locally 

deployed. In a related study, we further evaluated three open-source billion-parameter VLMs on 

3.42 million Flickr images from the southeastern U.S. across the same CES categories (Liao et al., 

2025). Qwen2.5-VL-7B achieved the highest zero-shot accuracy (90%), followed by Gemma-3-

4B (79%) and Aya Vision-8B (73%). However, these larger models were computationally 

demanding, processing only 1–2 images per second and requiring large-memory GPUs (e.g., 180 

GB on a NVIDIA B200). In contrast, the MobileCLIP-S1 model used in this study (~85 million 

parameters) achieved nearly comparable accuracy (88%) at a fraction of the computational cost, 

processing roughly 10–20 images per second on a single GPU. CLIP-based models are thus well-

suited for regional- to continental-scale CES mapping, offering high throughput without 

substantial API or computational costs. Future work should evaluate the extent to which CLIP-

based models can accurately identify CES categories that involve deeper semantic or symbolic 

meaning, such as cultural heritage or spiritual inspiration. In addition, advances in prompt 

engineering and lightweight adaptation techniques, including conditional prompt learning (Zhou 

et al., 2022b) and CLIP-Adapter for efficient few-shot transfer learning (Gao et al., 2024) may 

further enhance CLIP’s capacity to distinguish CES categories with subtle or abstract visual 

expressions. 

Finally, the present study focused solely on image analysis and did not incorporate textual 

metadata, which represents an emerging opportunity for multimodal CES assessment. Flickr’s 

user-generated metadata, including titles, tags and descriptions, can provide useful semantic 

information for understanding people’s perceptions and preferences. Recent work has used this 

textual information for sentiment analysis (Brindley et al., 2019; Fox et al., 2021). Havinga et al. 

2024 integrated Flickr image–text pairs to examine links between people’s positive experiences of 

nature and CES supply measures, demonstrating Flickr’s potential of multimodal CES inference. 

Additional studies show that data from diverse modalities, including remote sensing imagery 

(Havinga et al., 2021b; Karasov et al., 2022), climate data (Manley and Egoh, 2022), and 3D point 

clouds (Hu et al., 2022), can further enrich CES interpretation. Moving forward, integrating 

imagery, textual information, and environmental data through multimodal approaches would 
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advance CES assessments from identifying where cultural benefits occur toward building a deeper 

understanding of how people perceive and experience them. 

5. Conclusion 

This study demonstrates that CLIP-based VLMs provide a scalable, label-efficient, and 

transferable framework for classifying CES from social media imagery and mapping CES flows 

across heterogeneous landscapes in Florida. Using only 120 labeled images for development, we 

show that MobileCLIP-S1 delivers strong zero-shot performance across 12 CES classes, and that 

class-specific prompt engineering is essential for optimizing CLIP’s text–image alignment. Mixed 

prompts tailored to each CES class increased closed-set accuracy to 97%, with detailed 

descriptions improving recognition of visually or semantically overlapping categories, while 

concise prompts remained effective for more distinctive activities. These results highlight how 

small, strategically curated prompt sets can substantially enhance CES classification accuracy with 

minimal annotation effort. 

A central methodological contribution of this study is the evaluation of three CLIP-based 

modeling pipelines under realistic open-set conditions, where a considerable fraction of Flickr 

images are irrelevant to CES. The hybrid CLIP-BRF-ZS approach with a lightweight binary 

classifier filtering irrelevant images prior to zero-shot inference achieved the highest overall 

accuracy (88%) and macro F1-score (0.88), along with robust rejection of irrelevant content (F1-

other = 0.91). This pipeline also substantially improved recall for challenging CES classes such as 

fishing and landscape aesthetics. In contrast, CLIP-ZS-TF’s conservative thresholding led to 

systematic mis-rejection of valid CES imagery, while the fully supervised CLIP-MRF performed 

poorly under limited labeled data, especially for landscape aesthetics. Together, these findings 

show that modest supervision applied to frozen CLIP embeddings can enable robust and label-

efficient CES classification at regional scales while addressing the open-set recognition challenges 

inherent in social media data. 

Statewide CES flow maps reveal that cultural benefits in Florida arise from a broad and diverse 

landscape mosaic extending far beyond national and state parks. Outdoor recreation, wildlife 

viewing, and landscape aesthetics exhibited similar spatial patterns, with shared hotspots along 

both coasts and major inland greenspaces. While protected areas played dominant roles for wildlife 

viewing, accessible urban greenspaces and other NWLs together supported roughly half of outdoor 

recreation and landscape aesthetics. Aquatic, wetland, and coastal environments emerged as major 

CES benefiting areas. Working lands, including croplands and pasture/hay, also contributed 

meaningfully, supporting outdoor recreation such as camping, fishing, and horseback riding, 

highlighting the multifunctionality of Florida’s agricultural landscapes. 

Overall, this study demonstrates that CLIP-based foundation VLMs advance CES assessment 

beyond reliance on extensive labeled datasets and conventional vision-based models, enabling a 

language-grounded, label-efficient paradigm for reproducible and spatially explicit analysis of 

crowdsourced social media imagery. By integrating label-efficiency, transparent text-guided 

reasoning, and strong open-set robustness, our framework provides a scalable pathway for fine-

resolution CES flow quantification and mapping. The resulting statewide products and interactive 

mapping platform offer actionable tools for identifying CES hotspots and the diverse natural and 

working landscapes that sustain human–nature interactions. 
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Supplementary 
 
Table S.1. Class-wise cosine similarity thresholds derived from the prompt tuning dataset. 

Activity TF-Mean  TF-Minimum  TF-Maximum 

Biking 0.215 0.180 0.261 

Boating 0.205 0.136 0.282 

Camping 0.251 0.206 0.283 

Fishing 0.227 0.171 0.263 

Hiking 0.252 0.198 0.287 

Horseback Riding 0.272 0.176 0.306 

Hunting 0.236 0.160 0.304 

Shelling 0.251 0.187 0.309 

Surfing 0.252 0.171 0.291 

Swimming 0.231 0.188 0.262 

Wildlife Viewing 0.187 0.155 0.228 

Landscape Aesthetics 0.207 0.174 0.242 
TF-Mean, TF-Minimum, and TF-Maximum correspond to the average, minimum, and maximum similarity scores, 

respectively, across all image–prompt pairs within each CES class. 

 

Table S.2. Hyperparameters for Random Forest models. 

Parameters Grid Search Binary RF Multiclass RF 

n_estimators 10, 50, 100, 200, 300 200 300 

max_depth None, 10, 20, 30 None None 

min_samples_split 2, 5, 10 2 10 

min_samples_leaf 1, 2, 4 1 4 

max_features sqrt, log2, None log2 log2 

class_weight 

balanced, 

balanced_subsample, 

None 

balanced 

 

balanced 
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Table S.3. Per-user CES flow intensity by CES classes and NWLs. Values represent mean 

𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑢𝑠𝑒𝑟,𝑦𝑟. 

Class Urban 

greenspaces 

Non-urban 

greenspaces 

State 

parks 

National 

parks 

Protected 

areas 

Other 

NWLs 

Biking 0.19 0.18 0.17 0.17 0.19 0.20 

Boating 0.21 0.19 0.18 0.18 0.22 0.23 

Camping 0.19 0.17 0.21 0.18 0.21 0.25 

Fishing 0.20 0.17 0.17 0.19 0.22 0.24 

Hiking 0.18 0.17 0.18 0.17 0.19 0.19 

Horseback Riding 0.20 0.17 0.17 0.20 0.19 0.21 

Hunting 0.19 0.00 0.18 0.25 0.20 0.25 

Shelling 0.23 0.27 0.18 0.19 0.21 0.21 

Surfing 0.20 0.18 0.18 0.19 0.20 0.20 

Swimming 0.20 0.18 0.18 0.18 0.22 0.22 

Wildlife Viewing 0.29 0.22 0.23 0.25 0.28 0.29 

Landscape 

Aesthetics 0.24 0.19 0.20 0.21 0.21 0.21 

Average 0.28 0.22 0.22 0.24 0.26 0.25 

 

Table S.4. Per-user CES flow intensity by CES classes and LULC types. Values represent mean 

𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑢𝑠𝑒𝑟,𝑦𝑟. 

Class Wetlands Water 
Pasture

/Hay 
Barren Forest 

Cultivated 

Crops 

Herbace

ous 

Shrubla

nd 

Biking 0.17 0.19 0.18 0.17 0.18 0.50 0.17 0.17 

Boating 0.19 0.20 0.25 0.21 0.17 0.83 0.15 0.17 

Camping 0.20 0.17 0.26 0.19 0.19 2.87 0.18 0.17 

Fishing 0.20 0.19 0.20 0.19 0.17 2.90 0.17 0.15 

Hiking 0.18 0.16 0.18 0.17 0.18 0.47 0.18 0.15 

Horseback 

Riding 
0.18 0.15 0.20 0.17 0.17 0.95 0.17 0.17 

Hunting 0.19 0.23 0.19 0.18 0.18 1.53 0.13 0.17 

Shelling 0.18 0.18 0.17 0.20 0.17 0.40 0.15 0.15 

Surfing 0.18 0.20 0.24 0.20 0.18 0.50 0.25 0.17 

Swimming 0.19 0.19 0.20 0.22 0.19 0.97 0.17 0.17 

Wildlife 

Viewing 
0.24 0.24 0.22 0.21 0.21 0.33 0.23 0.18 

Landscape 

Aesthetics 
0.19 0.20 0.18 0.21 0.20 0.26 0.17 0.17 

Average 0.23 0.23 0.22 0.23 0.21 0.32 0.21 0.18 
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Figure S.1. Kernel density of average annual PUDs per user (𝑃𝑈𝐷̅̅ ̅̅ ̅̅
𝑢𝑠𝑒𝑟,𝑦𝑟) at 1 km resolution 

across Florida for (a) outdoor recreation, (b) wildlife viewing, and (c) landscape aesthetics. 
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Figure S.2.  Annual PUDs per user from 2014 to 2019. 

 


