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Abstract

Urbanization and screen-based lifestyles are thought to erode the nature values that underlie en-
vironmental concern, yet social media’s role in fostering these values remains largely overlooked. To
explore this potential, we developed a multitask Al pipeline fine-tuned on manually coded X posts. Built
on a backbone, the model classifies images across four tasks: Nature/Non-Nature, Biotic/Abiotic, Ma-
terial/lmmaterial, and Landscape Type. Of four interpretability methods, Grad-CAM and LIME showed
the most human-aligned heatmaps, remaining robust to perturbations. Binary tasks focuses on faces
or animals, while landscape predictions drew on broader context. EfficientNet-BO matched ResNet-
18’s accuracy but emphasized textures, showing that architecture shapes explanation quality as much
as metrics. The pipeline preselects relevant social-media content, reducing workload and analyzing
DRVs at scale to design online experiences that promote real-world environmental stewardship.

Keywords:

Digital Relational Values (DRV), Human-nature connection, Social-media imagery,

Transfer learning, Multitask image classification, Explainable Al, GradCam, LIME.

1 INTRODUCTION AND CONTEXT

The rapid interweaving of everyday life with digital infras-
tructures has created a human—digital nexus—a continuous
feedback loop in which meanings, values, and behaviors
flow between on-screen representations and off-screen real-
ities. Understanding this nexus is not just a technical chal-
lenge for computer science; it is a pressing societal issue.
We need data-intensive methods and analytical tools that re-
veal how online interactions reshape our relationships with
the physical world.

One of the most concerning manifestations of this shift
is its impact on our connection to nature. Urbanization and
digitization have weakened direct interactions with the en-
vironment, leading to a disconnect and a decline in nature
values (Miller, 2005). This “extinction of experience” de-
scribes a cycle where reduced exposure to nature across
generations erodes familiarity, appreciation, and engage-
ment (Soga and Gaston, 2016).
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Fig. 1: ”Extinction of Experience”.
2016)

(Soga and Gaston,

Soga and Gaston (2016) (Figure 1) illustrate how stressors
such as climate change, urban living, and increased screen
time drive a feedback loop that diminishes opportunities
and motivation to engage with nature, further reducing en-
vironmental concern and stewardship.

Psychological studies confirm that reduced contact with
nature not only diminishes environmental concern but also
shifts individual values toward self-centered aspirations,
consequently impacting generosity, community involve-
ment, and overall social connectedness (Weinstein et al.,
2009). Soga and Gaston (2016) compare rates of children’s
outdoor activities at different points in time and highlights
a marked decline in participation and time spent outside.
In a related vein, they demonstrate the downward trend in
per capita visits to natural areas, underscoring the broader
societal shift away from meaningful nature experiences.

However, recent work hypothesizes that virtual interac-
tions, primarily on social media, not only can compensate
for lost physical contact with nature but also strengthen en-
vironmental appreciation, care, and stewardship and may
even motivate real-world conservation behaviors (Calcagni
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et al., 2019; Langemeyer and Calcagni, 2022). Introduc-
ing the core concept of Digital Relational Values (DRV)
defined as the nature-related values and attachments that
arise within online communities, Langemeyer and Calcagni
(2022) suggest a research agenda that explores how digi-
tal platforms can foster human—nature connections by offer-
ing virtual encounters with the natural world. Yet the field
remains largely theory-driven; few studies leverage large-
scale, data-driven evidence to examine how DRVs form,
evolve, and spill over into offline action.

This bachelor’s thesis addresses that gap. It is embed-
ded within this research endeavor, more precisely within
the ERC-project BIG-5 (https://big-5.eu/), and supports that
framework by deepening the understanding of how DRVs
form and evolve in digital contexts. In support of the BIG-
5 research objectives, this thesis project designed and im-
plemented a first-stage filtering module that automatically
extracts relevant nature-related content from social media.
It thereby aims at increasing the research efficiency and re-
ducing the reliance on time and work intensive manual an-
notations.

The project uses artificial intelligence (Al) to analyze so-
cial media images (Viisdnen et al., 2021). Applying Al
classification techniques is ultimately supposed not only to
identify but also to understand DRVs. As a first step toward
this ultimate objective, this study conducts an exploratory
analysis, based on a representative data sample, to autom-
atize the assessment of nature elements, human—nature in-
teractions, and emotional context. Because trust in these
insights hinges on transparency, techniques as Grad-CAM
and LIME will be applied to explain which visual features
drive the model’s decisions, aligning algorithmic outputs
with human perception and strengthening the bridge be-
tween digital and real-world nature experiences.

2 RESEARCH OBJECTIVES

Following this overarching goal, this project is divided into
two main objectives, each playing a crucial role in achiev-
ing the overall goal of understanding and explaining the
decision-making process of deep learning models in the
context of nature-related image classification.

This project focuses on the understanding of how DRVs
emerge and can be explained through Al-driven analysis of
nature-related social media content. To achieve this, the
work is organized into two sequential phases: building a
robust, transparent image classification system for extract-
ing DRV relevant information; and applying interpretabil-
ity techniques to align model decisions with human percep-
tions.

The specific objectives of the project are:

1. Automated Extraction of Nature-Related DRVs:
Develop a deep learning—based image -classifica-
tion framework that can reliably identify and cat-
egorize nature-related content in large social-media
datasets, thereby creating an evidence-based, repro-
ducible pipeline for detecting Digital Relational Val-
ues in online images.

2. Explainability and Human-Aligned Interpretation:
Evaluate and compare state-of-the-art interpretability

techniques to reveal which visual features drive the
classifier’s decisions and fostering transparency and
trust in DRV analytics.

Interpretability Techniques
—_— . £
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Fig. 2: Approach

2.1 Development of an Image Classification
System

The development of an image classifier system will allow
to categorize nature-related images into predefined classes,
including:

1. Nature vs. Non-Nature: Identifying whether the con-
tent represents nature or not.

2. Biotic vs. Abiotic: Distinguishing between images
containing living organisms (biotic) and non-living el-
ements (abiotic).

3. Material vs. Immaterial : Classifying the con-
tent as either physically tangible (material) or ab-
stract/intangible representations (immaterial).

4. Landscape Type : Categorizing images into prede-
fined landscape types (artificial surfaces, agricultural
areas, forests and semi-natural areas, wetlands, water
bodies, other or none of these).

Each image will be assigned one and only one label per
class, ensuring exclusivity within each category. This ap-
proach follows a multiclass classification structure, where
the classes are mutually exclusive, but independent of one
another.

To develop the image classifier, deep learning techniques
will be employed, particularly Convolutional Neural Net-
works (CNNs), which are highly effective for image clas-
sification tasks. The model will be trained to predict the
most likely label for each of the four categories based on
the visual content of the images.

2.2 Interpretability Techniques

The second objective of the project focuses on the inter-
pretability of the AI approach, addressing these research
questions.

1. What regions of the image does the model consider
most relevant for classification?

2. How do these regions vary across different inter-
pretability techniques?
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3. How does the model’s classification criteria compare
to human classification criteria?

To achieve this, the trained classifier will be used as a
foundation, and various interpretability techniques will be
applied to analyze the model’s decision-making process.
Techniques such as Grad-CAM and LIME will be used to
highlight the regions of the images that are most influential
in the classifier’s predictions.

The goal is to evaluate how effectively these inter-
pretability methods can explain the model’s outputs and
how well they align with human classification criteria. By
comparing the results across these techniques, the study
aims to identify which methods provide the most transpar-
ent insights into the model’s behavior.

3 STATE OF THE ART

3.1 Image Classification and Transfer Learn-
ing

Image classification with deep learning has advanced
through pretrained models and transfer learning. Pretrained
networks, trained on large datasets like ImageNet, learn ver-
satile features, from simple edges to complex object parts.
Reusing these models for new tasks provides a strong ini-
tialization, cutting down on task-specific data needs and
speeding up convergence (Bengio, 2012).

Transfer learning adapts a pretrained model to a new do-
main by using it as a fixed feature extractor and retraining
or fine-tuning its higher layers. Low-level filters (e.g., edge
detectors) remain mostly unchanged, while deeper layers
adjust to the target data. This method excels when labeled
data are scarce, delivering high performance in specialized
applications (Pan and Yang, 2010).
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Fig. 3: Transfer Learning Schema (Kumar, 2024)

Several landmark models underpin modern image clas-
sification through transfer learning such as AlexNet
(Krizhevsky et al., 2012), VGGNet (Simonyan and Zis-
serman, 2015), ResNet (He et al., 2016) and GoogLeNet
(Szegedy et al., 2015).

By leveraging these pretrained backbones, researchers
can quickly fine-tune models for specialized tasks, cutting
down on both computational cost and training time, espe-
cially valuable when labeled data are scarce, as is the case
in the BIG-5 projects, characterized by the specific annota-
tion framework of DRV.

3.2 Interpretability Techniques in Classifica-
tion Models

Despite high accuracy, CNNs often operate as “black
boxes,” prompting the need for interpretability methods to
reveal decision-making processes. This is particularly im-
portant to facilitate the integration of human and machine
interpretation, and specific interpretation objectives.

3.2.1 Class Activation Mapping (CAM) and Grad-
CAM

CAM and Grad-CAM are widely used for visually inter-
preting CNN decisions by generating heatmaps highlight-
ing the regions influential for predictions (Selvaraju et al.,
2017). Grad-CAM uses gradients from the final convolu-
tional layer to identify discriminative regions, effectively
aligning the model’s focus with human attention. Grad-
CAM’s effectiveness in revealing biases or dataset anoma-
lies has made it essential for transparent Al evaluations.

Grad-CAM “Cat’

Original Tmage Grad-CAM ‘Dog’

Fig. 4: Grad-CAM. Adapted from Selvaraju et al. (2017).

3.2.2 Local Interpretable Model-Agnostic Explana-
tions (LIME)

LIME provides local, detailed explanations by segment-
ing images into superpixels and evaluating their influence
on model predictions through perturbations (Ribeiro et al.,
2016). Despite its granularity, LIME faces stability and
variability challenges, though it remains valuable for indi-
vidual prediction explanations.
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Fig. 5: LIME. Adapted from Ribeiro et al. (2016).

3.2.3 SHapley Additive exPlanations (SHAP)

SHAP uses game theory to quantify pixel-level feature con-
tributions to predictions, ensuring consistency and robust-
ness in interpretations (Lundberg and Lee, 2017). Its unified
approach integrates local and global interpretability, mak-
ing it effective for validating model behavior.
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Fig. 6: SHAP. Adapted from Lundberg and Lee (2017).

3.2.4 Occlusion Sensitivity

Occlusion Sensitivity is a perturbation-based interpretabil-
ity technique for CNN image classification, originally in-
troduced by Zeiler and Fergus (2014). The approach sys-
tematically occludes (masks or replaces) different portions
of an input image to measure changes in the model’s pre-
diction confidence. If covering a particular region causes a
significant drop in the target class probability, that region
is inferred to be important for the model’s decision. They
used this method to verify that their ImageNet CNN was fo-
cusing on the object itself rather than spurious background
context.

Fig. 7: Occlusion Sensitivity. Adapted from Zeiler and Fer-
gus (2014).

This method is model-agnostic and intuitive, though it
requires many forward passes (one per occluded position)
and its resolution is limited by the occlusion window size.
For example, in their results occluding a dog’s face drasti-
cally reduced the “Pomeranian” class score (while occlud-
ing background had little effect), indicating that the face
region was crucial for the prediction.

3.2.5 XRAI

XRAI (Kapishnikov et al., 2019) is a region-based attri-
bution method that produces more coherent visual expla-
nations for CNN image classification. Unlike pixel-level
saliency approaches, XRAI builds upon Integrated Gradi-
ents by aggregating attributions over meaningful image seg-
ments. The algorithm first over-segments the input image
(e.g., into superpixels) and computes an attribution score
(via integrated gradients) for each segment. It then itera-
tively adds the most salient segments, merging them into
larger highlighted regions that strongly influence the pre-
diction. This yields saliency maps that emphasize entire
objects or important parts of the image, rather than scattered
individual pixels.

Integrated gradients.

Fig. 8: XRAI. Adapted from Kapishnikov et al. (2019).

All figures presented in this section are adapted from the
official papers of each method.

In sum, this work shows that transfer learning on Im-
ageNet backbones is the most efficient route to a strong
nature-image classifier, allowing the project to concentrate
on the second question of why and letting the model de-
cide as it does. The literature also makes clear that no
single interpretability technique is definitive: Grad-CAM,
LIME, SHAP, Occlusion Sensitivity, and XRAI each ex-
pose a different layer of the model’s reasoning, from coarse
class-discriminative regions to fine-grained, theoretically
grounded attributions.

Building on these insights, the forthcoming steps will in-
volve fine-tuning a pretrained CNN and analyzing the dif-
ferent methods to establish practical guidelines on how each
technique can be trusted. In this way, the state of the art not
only informs but actively structures the experimental work-
flow that follows.

4 METHODOLOGY

The project is structured into clearly defined phases over
approximately five months, each designed to ensure a
comprehensive approach from research through analysis.
The timeline and tasks for each phase are summarized
below and visually represented in A.1, Figure 23.

Literature Review (Weeks 1-3, March): Conduct a targeted
literature review on image classification and interpretability
to build a solid theoretical base.

Data Acquisition and Processing (Week 2 of March —
Mid-April): Collect, label and clean a diverse nature-
themed image dataset from Platform X to ensure high
quality and representativeness.

Classifier Development (End of March — April): Fine-tune
pretrained CNNs, including hyperparameter tuning to
create an accurate classifier.

Interpretability Techniques (Mid-April — Mid-May):
Apply different techniques to visualize and dissect the
model’s decisions.

Results Analysis (May — June): Analyze and compare the
outputs, draw conclusions, and prepare a final report and
presentation summarizing findings and future directions.

This integrated approach ensures a logical progression
through each stage, optimizing both methodological rigor
and effective time allocation.
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4.1 Data Collection and Dataset Creation

Creating a comprehensive and high-quality dataset tailored
specifically to the project’s objectives involved meticulous
planning, execution, and rigorous standardization. In con-
trast to state-of-the-art projects that rely on publicly avail-
able datasets, this dataset is manually created and built en-
tirely by BIG-5 team. This approach ensures that data pre-
cisely captures the diversity and authenticity of social me-
dia content related to nature interactions. The entire process
was organized into three key stages: data collection, data la-
beling, and protocol implementation.

4.1.1 Data Collection

The dataset consists exclusively of visual content sourced
from social media, specifically from the platform X. While
more data were originally collected, only the subset suitable
for training the CNN was used, approximately 1700 high-
quality images. To ensure diversity and temporal balance,
a stratified sampling strategy was applied across different
time periods, and posts were selected randomly without the
use of keyword-based searches.

Fig. 9: Examples of images in the dataset

4.1.2 Data Labeling

Once the images were collected, the next critical step in-
volved labeling them according to defined classification
tasks. To achieve consistency and accuracy in this process,
the labeling was performed using LabelStudio, a special-
ized tool designed for structured and reproducible labeling
of image data. Each image was carefully examined and as-
signed labels across four specific, mutually exclusive cate-
gories:

1. Nature vs. Non-Nature
2. Biotic vs. Abiotic
3. Material vs. Immaterial

4. Landscape Type

To ensure high standards and reliability, all coders were
required to agree on the assigned labels, as this step is crit-
ical for data consistency, reduced ambiguity, and accurate
model training. Importantly, only images depicting nature
were further classified into the additional three categories,
while non-nature images were excluded from these classi-
fications. The final dataset includes a unique identifier per
image and the full set of applicable labels, ensuring trace-
ability, consistency, and robustness for downstream model-
ing and evaluation.

4.1.3 Protocol Implementation

To ensure clear and consistent labeling, the BIG-5 group
established a detailed coding protocol to standardize image
classification.

Thorough, unambiguous guidelines minimize labeling
errors and ensure consistency across coders. Without them,
inconsistent labels degrade classifier accuracy, compromise
interpretability analyses, and undermine the project’s valid-

1ty.

4.2 Image Classifier Development

This section describes the design, customization, and fine-
tuning of the multitask image classification system. Be-
cause the classification tasks are nuanced and labeled data
are limited, a flexible framework was developed that inte-
grates several state-of-the-art pretrained models (Convolu-
tional neural network, CNN). This section outlines the key
design choices and justifies the selection of these models as
robust feature extractors for the project.

4.2.1 Pretrained Models Selection

For this approach, a custom backbone module has been im-
plemented that allows the selection among four widely rec-
ognized pre-trained architectures:

DenseNet121: Characterized by dense connectivity be-
tween layers, DenseNet121 helps in better gradient flow and
feature reuse. This architecture is especially advantageous
when training data are limited because its design facilitates
learning more diversified features with fewer parameters.
(Architecture in Figure 24a).

ResNet18: A lighter variant of the ResNet family,
ResNetl8 offers a balance between computational effi-
ciency and representational power. Its reduced complexity
makes it suitable for projects with scarce data, as it miti-
gates the risk of overfitting while still capturing essential
visual patterns. (Architecture in Figure 24b).

EfficientNetB0: EfficientNetBO is known for its com-
pound scaling method, which optimizes depth, width, and
resolution in a balanced manner. This results in a model that
is both resource-efficient and effective in extracting salient
features, making it a strong candidate when using limited
datasets. (Architecture in Figure 24c).

ResNet50:  Although deeper and more parameter-
intensive, ResNet50’s robust architecture, utilizing residual
connections, has proven successful for large-scale image
recognition tasks. Its high-dimensional feature representa-
tions can be beneficial in capturing subtle nuances; how-
ever, care must be taken to avoid overfitting with scarce
data. (Architecture in Figure 24d).

All these models come pretrained on ImageNet dataset, en-
suring that the learned features are general enough to trans-
fer effectively to the target tasks. By comparing these op-
tions, the workflow facilitates empirical investigation of
how the choice of backbone affects not only the classifica-
tion performance but also downstream interpretability anal-
yses.
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Fig. 10: Imagenet

4.2.2 Dataset Preparation

As it has seen previously, the dataset for training and evalu-
ating the model was created from images collected from the
social media X.

All labels were standardized and mapped into numerical
format to be compatible with neural network training. A
structured data loader was created to efficiently handle and
preprocess images, applying standard transformations such
as resizing to 224x224 pixels, normalization, and conver-
sion to tensor format.

4.2.3 Multitask Classifier Architecture

The network separates feature extraction from task-specific
decisions to handle four simultaneous classification tasks
(nature vs. non-nature, materiality, biological content, land-

scape type):

1. Feature Extraction: Remove the final layer of a cho-
sen backbone, letting it output a high-dimensional fea-
ture vector (512, 1024, 1280, or 2048 dims, respec-
tively).

2. Task-Specific Classifier Heads: From this shared fea-
ture vector, the architecture branches into four fully
connected heads: Nature Visual, Materiality, Biologi-
cal Content, Landscape Type.

By decoupling these tasks, the model can learn task-specific
decision boundaries from a shared feature space, boosting
performance in data-scarce settings.

4.2.4 Model Training, Fine-Tuning, and Comparative

Evaluation

To make the most of limited data, each multitask backbone
end-to-end was finetuned using the Adam optimizer with
an adaptive learning rate and a composite, task-balanced
cross-entropy loss. Extensive data augmentation (random
cropping, flips, color jitter) combats overfitting, while the
weighted loss ensures no single task dominates training.

The data were split 90/10 into training and test sets, and
task-specific accuracy, loss curves, and confusion matrices
were tracked to compare architectures quantitatively.

4.2.5 Backbone Selection

To choose the most suitable model for applying inter-
pretability methods, it has been evaluated not only average
performance but also stability across tasks and efficiency
(inference time and complexity) with the mean accuracy
and weighted F1 scores for each model.

4.3 Interpretability Techniques

Only the techniques that produced meaningful, inter-
pretable results are presented and exlained in this chapter.
While several additional methods were implemented during
the course of this study, their outputs did not meet the crite-
ria for meaningful analysis and are therefore excluded from
the main text. Detailed descriptions of these techniques and
observed outcomes, can be found in A.3.

4.3.1 GradCAM

GradCAM (Gradient-weighted Class Activation Mapping)
is an interpretability method designed to produce localiza-
tion maps, highlighting which regions of an input image are
most influential for a particular class prediction. It com-
bines the spatial information from deep convolutional layer
activations with gradient signals associated with the pre-
dicted class, producing a heatmap highlighting important
areas.

The implementation involves capturing activations
through a forward pass and gradients via a backward pass
on a targeted convolutional layer. These gradients are used
to weight activations, forming a heatmap that’s resized and
overlaid onto the original image, providing clear insights
into the model’s decision-making without altering the ex-
isting model structure or training process.

4.3.2 LIME

Local Interpretable Model-agnostic Explanations (LIME)
provides human-interpretable, localized explanations for
predictions made by black-box classifiers. It works by seg-
menting the input image into distinct regions called super-
pixels, then generates variations of the original image by
randomly hiding combinations of these superpixels. These
perturbed images are evaluated by the classifier, producing
predictions that help fit a simplified linear model reflecting
how each superpixel influences the final decision.

In the implementation, the classifier was wrapped in a
LIME explainer; images were perturbed through standard
preprocessing and the resulting explanations highlighted the
most influential super-pixels, generating an interpretable vi-
sualization clearly illustrating the model’s decision-making
process.

4.3.3 Occlusion Sensitivity

Occlusion Sensitivity measures the importance of different
image regions by systematically occluding (covering) parts
of the image and observing how the classifier’s predictions
change. In practice, a fixed-size patch is slided across the
image, temporarily replacing each region with a baseline
value, and measure the resulting drop in the predicted class
score.

The target model is wrapped, predictions are computed
for every occluded image, and the resulting prediction
differences are recorded. These importance scores are
aggregated into a heatmap that highlights the areas most
influential to the model’s decision, clearly visualizing
regions critical for classification.
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434 XRAI

XRALI (eXplanation with Ranked Area Integrals) enhances
pixel-level attributions by producing region-focused expla-
nations of model predictions. It begins by calculating Inte-
grated Gradients, which quantify pixel importance based on
gradual interpolation from a baseline image to the input.

These pixel-wise attributions are then grouped into mean-
ingful image segments using a region segmentation algo-
rithm (Felzenszwalb’s method). Each segment’s importance
is computed by averaging its pixel attributions, and the seg-
ments are ranked accordingly.

Predictions are isolated through a wrapper around the
model, Integrated Gradients are computed, regions are seg-
mented and ranked by importance, and a coherent heatmap
is generated to intuitively highlight influential image areas.

4.3.5 Comparison of Interpretability Across Models

For this test, the outputs produced by the explained tech-
niques will be compared on three models: ResNet18, Effi-
cientBO and DenseNet121.

The evaluation is grounded in human criteria, searching
for the salient regions that align with those a human would
attend to when classifying the image. This analysis allows
to determine not only which model yields the most human-
aligned explanations, but also how interpretability perfor-
mance degrades (or perhaps remains robust) when moving
from the top-performing ResNet-18 to EfficientNet-BO and
then to DenseNet-121.

4.3.6 Robustness under Perturbations

In this section, the goal is to evaluate both the prediction ro-
bustness of the models and the stability of the interpretabil-
ity techniques implemented. Controlled perturbations were
applied to a set of test images, altering color balance, rota-
tion, and adding filters and then run them through the dif-
ferent techniques. Comparing output images and correlat-
ing saliency maps between original and modified inputs as-
sesses the resilience of the methods to common visual dis-
tortions. These results will help us understand the reliability
of the models and highlight areas for improvement.

5 RESULTS

This section presents the key findings of the image classi-
fication study, followed by an outline of the interpretability
analyses applied to the trained model. Performance metrics
are first reported to establish predictive accuracy and effi-
ciency and then visual explanation methods are introduced
to contextualize the decision-making process of the model.

5.1 Image Classifier

Below there are the quantitative results from fine-
tuning four pretrained backbones, ResNet-18, ResNet-50,
EfficientNet-B0, and DenseNet-121, on the multitask clas-
sification tasks.

Model

ResNet18
ResNet50
EfficientNetBO
DenseNet121

Test Loss Nature (%) Materiality (%) Biological (%) Landscape (%)

4.2291 78.92 76.05 78.86 66.68
4.2544 79.04 74.85 77.25 64.07
3.9973 77.25 76.65 75.45 66.47
3.8308 80.84 78.44 79.04 56.89

TABLE 1: Test Loss and Task Accuracies for Different Pre-
trained Backbones

Across the four evaluated backbones, test-loss values
span a narrow band of 3.8308—4.2544, with DenseNet121
reporting the lowest loss and ResNet50 the highest.
Nature-class accuracy ranges from 77.25 % (Efficient-
NetB0) to 80.84 % (DenseNetl21), while Materiality ac-
curacy varies between 74.85 % for ResNet50 and 78.44
% for DenseNetl2l. In the Biological class, accura-
cies lie between 75.45 % (EfficientNetB0) and 79.04 %
(DenseNet121). Landscape accuracy shows the widest
spread: ResNetl8 and EfficientNetBO achieve similar
scores around 66.6 %, ResNet50 follows at 64.07 %, and
DenseNet121 records 56.89 %.

5.1.1 Backbone Selection

The table below offers a concise overview of each back-
bone’s aggregate performance, reporting mean accuracy
alongside the corresponding weighted-F1 score obtained on
the test set.

Model Mean Acc. (%) MeanF1
ResNet18 73.62 0.7360
ResNet50 73.30 0.7375
EfficientNetBO 73.46 0.735
DenseNet121 73.80 0.725

TABLE 2: Mean accuracy and weighted F1 by model

Mean-accuracy values sit in a tight band between 73.30
% and 73.80 %, with DenseNetl121 at the upper end and
ResNet50 at the lower. Weighted-F1 scores follow a simi-
larly narrow spread, ranging from 0.725 for DenseNet121 to
0.7375 for ResNet50, while ResNet18 and EfficientNetBO
register intermediate values of 0.7360 and 0.735, respec-
tively.

5.2 Interpretability Techniques

The next part of the report shows what the interpretabil-
ity techniques reveal about the model’s decisions. For each
method, it will be presented the original and untouched in-
put image. This is followed by four heat-map pictures, one
for each task (Nature, Materiality, Biological and Land-
scape), that highlight the parts of the image the model fo-
cused on. Additionally, a few extra tests are included to
provide a complete view of how robust the techniques re-
main across different models and perturbations.
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5.2.1 GradCam

Fig. 11: Original image

(b) Biological

(a) Nature (d) Landscape

(c) Materiality

Fig. 12: GradCAM results

The four Grad-CAM maps reveal distinct attention patterns
by task: for the three binary classifiers (Nature, Biological,
Materiality), all high-intensity regions align on the man’s
face—skin texture, hair contours and other facial features.
By contrast, the Landscape Type head shifts to background
structures, using contextual spatial patterns.

5.2.2 LIME

Fig. 13: Original image

(b) Biological

(a) Nature (c) Materiality (d) Landscape

Fig. 14: LIME results

The LIME visualizations for the four heads reveal that each
prediction is driven by small, well-delimited clusters of
super-pixels. For the Nature head the most influential re-
gions lie on the surrounding grass, with a scattering of ad-
ditional importance patches on the face and muzzle of the
front goat. In the Biological and Materiality heads the high-
lighted zones trace the full silhouettes of both goats, cov-
ering their heads, torsos and legs while leaving the back-
ground almost untouched. Finally, the Landscape-Type
head ignores the animals altogether and concentrates on
broad background areas: the grass and the thin band of trees
and sea at the horizon.

5.2.3 Occlusion Sensitivity

Fig. 15: Original image

(a) Nature (b) Biological (c) Materiality (d) Landscape

Fig. 16: Occlusion Sensitivity results

The occlusion maps in Figure 16 reveal that masking the
dog’s face causes the largest confidence drop for the Nature
and Biological heads. In Materiality, the most important
patch spans the fur and muzzle, but also pays attention to a
secondary hotspot on the tabletop. Finally, Landscape Type
shifts attention to the background TV and surroundings.

5.2.4 XRAI

(b) Biological

(a) Nature (c) Materiality (d) Landscape

Fig. 18: XRAI results

Figure 18 presents the XRAI region-based saliency maps
generated for the four tasks. In the Nature map, a single
contiguous region highlights the birds silhouettes; the Bi-
ological map illuminates nearly the same area. The Mate-
riality map highlights the bird’s plumage together with the
nearby branches and perch, while the Landscape map shows
also activated regions in the image corners, with a few small
fragments along the borders.

5.2.5 Comparison of Interpretability Across Models

To facilitate clearer analysis, the results are considered in
two different groups: the binary tasks—Nature, Biological,
and Materiality—and the multiclass task, Landscape Type.
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Each group is examined separately before drawing broader
comparisons.

Binary “Nature” Task

For binary tasks it will be shown only the Nature task
since the others display very similar patterns.

(a) ResNet18

(b) EfficientBO  (C) DenseNetl21

Fig. 19: LIME results on Nature

These results in Figure 19, generated by LIME exhibit
a high degree of consistency across all three architectures.
Each model highlights essentially the same regions: the
center of the man’s face. This uniformity likely arises from
two complementary factors. First, all models achieve sim-
ilar performance on the Nature task (approximately 75-80
% accuracy), suggesting that they rely on a common set of
discriminative features. Second, binary tasks usually hinge
on a few key features that any model might detect equally
well.

Multiclass “Landscape” Task

By contrast, the multiclass Landscape task interpreted via
GradCAM, reveals marked differences in how each model
allocates attention:

(a) ResNet18

(b) EfficientBO

() DenseNet121

Fig. 20: GradCam results on Landscape

Figure 21 shows that ResNet-18 (highest accuracy) pro-
duces heatmaps that most closely align with human expec-
tations, concentrating on the background textures.

EfficientNet-BO (second-best accuracy) diverges sharply,
focusing its attention on the man’s face and neck instead of
on the background that a human would prioritize.

DenseNet-121 (lowest accuracy) unexpectedly mirrors
ResNet-18’s focus patterns emphasizing the same back-
ground regions despite its overall performance.

5.2.6 Robustness under Perturbations

(a) Rotated (b) Grey-scaled (c) Rotated

Fig. 21: Test images

Fig. 22: Results for Nature and Landscape Tasks

After the perturbations, the binary classifier’s saliency maps
for the Nature task resemble those obtained from the un-
altered images shown in Figure 22. Occlusion centers on
the rotated dog’s face with only faint background activation.
Grayscale Grad-CAM concentrates on the football players’
faces and torsos, and LIME continues to highlight the ro-
tated horse’s head and body contours.

In the multiclass task, perturbations cause only limited
shifts. Occlusion on the rotated dog moves attention toward
both the candle and the dog’s face rather than the broader
room. Grayscale Grad-CAM on the football image empha-
sizes the grass field and background, while LIME on the
rotated horse directs almost all importance to the distant
trees and sky. Across all tasks, core features such as an-
imal faces, bodies, and field textures remain visible under
rotation or grayscale transformation.

6 DISCUSSION

This section interprets the empirical results, relating
saliency behaviors and performance metrics to theoretical
expectations about model robustness and generalization.
Strengths and limitations are examined.

6.1 Image Classifier

Table 1 highlights a clear efficiency—accuracy spectrum
across the four backbones. ResNetl8, the lightest and
fastest, achieves moderate performance on all tasks, mak-
ing it suitable for quick prototyping or edge deployment but
less reliable on fine-grained tasks, especially on biological
content.
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ResNet50 leverages a richer feature space but comes with
a slightly higher loss. It boosts nature task but on other ones
falls short of ResNet18.

EfficientNetBO strikes the best balance: it matches or ex-
ceeds ResNet18 on binary tasks, and leads on the multiclass
landscape task thanks to its compound scaling with fewer
parameters.

DenseNet121 achieves the lowest loss and highest accu-
racies in three of four tasks due to its dense connectivity
and feature reuse, although it underperforms in the land-
scape task, suggesting that even high-capacity models can
require targeted augmentation for fine-grained categories.

This efficiency—accuracy trade-off across backbones
aligns closely with established trends in transfer learn-
ing. Literature confirms that ResNetl8, despite its
lightweight structure, often outperforms deeper models on
domain-specific tasks with limited data due to better gener-
alization and lower overfitting (Kornblith et al., 2019).

Conversely, EfficientNet-BO—building on compound
scaling—achieves strong efficiency and accuracy, as noted
in landmark studies. Meanwhile, the best performance
from DenseNet121 in your binary tasks echoes findings that
dense connectivity helps feature reuse and robustness (Das-
tour and Hassan, 2023).

Overall, for purely binary distinctions (nature, materi-
ality, biological) the ranking is ResNetl8 > DenseNet121
> ResNet50 > EfficientNetB0, whereas for the multiclass
landscape task itis ResNet18 > EfficientNetB0O > ResNet50
> DenseNet121.

6.1.1 Backbone Selection

As shown in Table 2, ResNet50 and EfficientNetBO deliver
nearly identical overall performance, but neither stands out
on any specific task. In contrast, DenseNet121 achieves
the highest mean accuracy (73.80 %) driven by its strong
performance on the three binary classification tasks while
ResNet18 combines very competitive mean accuracy (73.62
%) with the best capacity to discriminate fine-grained land-
scape images.

Therefore, ResNet50, EfficientNetBO, and even
DenseNet121 were discarded for interpretability experi-
ments, and ResNet18 was selected as the final backbone. Its
balanced and more stable performance across both binary
and multiclass classification makes it the best candidate for
generating robust, generalizable interpretation maps.

6.2 Interpretability Techniques
6.2.1 GradCam

This technique reveals that overlapping activations in binary
tasks indicate feature entanglement, with attention converg-
ing on similar facial patterns and even treating the pres-
ence of a human subject as a cue for the broader “nature”
class—blending living beings with material scene elements
and limiting fine-grained distinctions. For landscape clas-
sification, the diffuse heat map, despite the correct orienta-
tion, still fails to pinpoint key background structures such
as trees or buildings. These insights highlight two improve-
ment paths: sharper separation of facial features from other
semantic cues in binary tasks and more precise localization

of background context, both of which would elevate inter-
pretability and predictive performance.

Consistent with Selvaraju et al. (2017) and re-
cent user-study findings (Kornblith et al., 2019), these
Grad-CAM maps reveal a coarse, human-aligned pattern,
but still masked biases (e.g. faces conflated with “na-
ture” cues). These limitations align with observations that
Grad-CAM may lack precise fine-grained localization.

6.2.2 LIME

These patterns show that the network shifts its focus to suit
the semantic scope of each task. When judging Nature, it
treats the goat’s face and adjacent grass as joint indicators
of natural content. In the Biological and Materiality heads
the attention collapses onto the goats’ entire shapes, which
is consistent with tasks that require recognizing living or-
ganisms (biological) or tangible elements (materiality). Al-
though both heads highlight the animals, the exact pixels
differ, implying that each classifier relies on slightly dif-
ferent visual cues rather than a single, shared template. By
contrast, the Landscape head looks past the foreground sub-
jects and relies on the large-scale layout of grass, trees and
sea, precisely the contextual information needed to decide
scene type.

Our saliency maps align with Ribeiro et al. (2016)
original LIME study, which shows the explainer natu-
rally gravitates to the strongest class-discriminative super-
pixels—typically faces or other central objects—mirroring
our focus on goat heads and full silhouettes.

6.2.3 Occlusion Sensitivity

Occlusion sensitivity reveals class-specific dependencies
that align with intuitive indicators. In the Nature and Bi-
ological heads, masking the dog’s face triggers the largest
confidence drop, confirming that both heads hinge on the
central animal. For Landscape Type, the greatest decline
appears when the background TV and surrounding room are
occluded, indicating that this head leans on broader envi-
ronmental context rather than the subject itself. In the Ma-
teriality head, suppressing the fur and muzzle lowers confi-
dence most, yet a secondary hotspot along the tabletop edge
also proves influential—showing that the model contrasts
soft fur with the hard surface to judge material class. To-
gether, these patterns validate occlusion as a perturbation-
based check: binary heads concentrate on the animal’s face,
the landscape head on scene cues, and the materiality head
on textural contrasts. They also suggest that using smaller
or adaptive patches would yield crisper importance maps
for finer structures.

These observations, dominant signal drops when oc-
cluding central features, match studies on max-sensitivity
confirming that Occlusion is robust in coarse attribution,
though slow and low-res resolution (Hohl et al., 2024).

6.2.4 XRAI

The shared highlight over the birds in both the Nature and
Biological maps suggests that the model relies on the same
“animate form” region for these two tasks. Materiality’s
focus on both feathers and wooden branches indicates that
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texture details and surrounding context jointly drive mate-
rial judgments. The Landscape map’s emphasis on the outer
zones points to a dependence on broader environmental pat-
terns, yet the additional edge fragments hint at an over-
segmented response. The near-identical Nature and Bio-
logical maps further indicate that separate tuning may be
needed to tease apart closely related concepts.

The aggregation of segment-level attributions into coher-
ent regions matches XRAI’s design. The explained find-
ings, shared regions between “nature” and “biological”, re-
inforces the necessity of task-specific fine-tuning to disen-
tangle semantically close classes.

6.2.5 Comparison of Interpretability Across Models

Across the Nature task, the Grad-CAMs produced by
ResNet-18, EfficientNet-BO and DenseNet-121 look strik-
ingly alike. As Nature task is binary (if the content on the
image represents nature or not), all three architectures can
reach high confidence by focusing on to the same regions.

The Landscape task seems to be harder: it is multi-
class and demands fine-grained discrimination among sev-
eral scene types. Here the networks’ architectural differ-
ences become prominent, so their heat-maps diverge. Each
model settles on different context clues reflecting the spe-
cific features its layers have become sensitive to.

The differences in how each model allocates attention
can be explained by their difference in architectures. In
ResNet-18, the use of straightforward residual blocks cre-
ates an equilibrium between low-level features such as
edges and textures and high-level abstractions like shapes
and semantic regions. As a result, its Grad-CAM visual-
izations often mirror the way a human examines an image:
outlining contours then shifting to semantically rich areas
like faces or objects.

By contrast, EfficientNet-BO’s architecture is built
around a compound scaling strategy that simultaneously in-
creases network width, depth, and input resolution, while
leveraging mobile convolutions to keep the overall param-
eter count low. Although this makes the model highly effi-
cient, it also encourages attention to very fine-grained pat-
terns that may boost test performance but diverge from what
a human would consider meaningful.

DenseNet-121’s dense connections reuse features across
multiple depths. These connections consistently reinforce
the same visual cues such as background or secondary re-
gions, resulting in heatmaps that appear particularly stable
and coherent to a human.

Overall, interpretability quality does not always track
classification performance. These observations suggest a
decoupling between raw classification accuracy and the
human-aligned quality of explanations: despite its lower
accuracy, DenseNet-121 generates heatmaps that may ap-
pear more “intuitive” than those of EfficientNet-BO. Conse-
quently, it is important to evaluate both metrics when select-
ing models for applications requiring human-aligned expla-
nations. These results and conclusions are consistent with
recent analyses highlighting this decoupling (Kansal et al.,
2024).
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6.2.6 Robustness under Perturbations

The robustness of these attention patterns after rotation and
grayscale conversion suggests that the model’s internal rep-
resentations are largely insensitive to simple geometric or
color changes. Grad-CAM and LIME retain spatial focus
on cues that align with human criteria, reinforcing their use-
fulness as post-hoc explanation tools under moderate per-
turbations. Occlusion, however, shows a greater depen-
dence on scene context: its more diffuse activation on the
rotated dog in the multiclass setting implies that geometric
distortions can disrupt its reliability.

Overall, the stability of Grad-CAM and LIME
across tasks supports their suitability for interpretabil-
ity and it aligns with studies demonstrating stability of
backpropagation-based methods under image corruptions
(Thongbe et al., 2024), whereas the behavior of occlusion
highlights the need for caution when applying it to images
in which contextual information is critical.

7 LIMITATIONS

Despite the successful completion of this project, several
constraints should be acknowledged. The main limita-
tion of this project was the scarcity of data since the col-
lected dataset was limited in size, and some images did not
meet the quality standards necessary to fully achieve the
study’s objectives. Additionally, classes were unevenly rep-
resented, leading to an imbalance that may have affected
model performance. Finally, a small number of coders
worked on labeling, which could introduce minor inconsis-
tencies, especially for cases where category boundaries are
subtle, possibly affecting the model’s performance.

8 FURTHER WORK

To build on this project, data augmentation can mitigate the
limited dataset size and introduce variability even though
it is assumed to collect more data as the project continues.
Ensuring balanced class representation is also vital for de-
veloping robust, generalizable models. To validate the hy-
potheses presented in this report regarding human visual at-
tention, it is necessary to review or conduct studies identi-
fying where coders focus when labeling; the results would
confirm (or refute) these proposed criteria.

Future efforts should adopt a targeted data collection
strategy rather than random sampling, getting specialized
images and using the current model as a prefilter before
experts validate its predictions; this approach will reduce
manual workload while expanding a high-quality, balanced
dataset. Finally, applying the interpretability techniques to
social media, by examining how and where nature appears,
can connect model insights with real-world exposure pat-
terns. Together, these steps will refine model performance
and broaden the project’s impact into studies of visual at-
tention and nature exposure on social media.

9 CONCLUSIONS

This project set out to build and validate an Al-powered pre-
processing framework that prepares social-media images
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and, crucially, whether those techniques can be transpar-
ent enough for researchers to trust the resulting insights. To
that end it has been (i) built a multitask image-classification
pipeline that filters nature-related content and (ii) compared
state-of-the-art interpretability methods to expose what the
model highlights when classifying an image.

The study shows that a lightweight ResNet-18 pipeline
is enough for analyzing DRVs on social-media imagery,
achieving 75 % accuracy while running faster and with
lower resource demand than deeper networks. Crucially,
model choice also governs transparency: ResNet-18 paired
with Grad-CAM or LIME delivers saliency maps that
seemed to match human criteria, making its outputs easier
to audit than those from EfficientNetBO or DenseNet121.
Across binary (Nature, Biological, Materiality) and multi-
class (Landscape) tasks, the model focuses on semantically
meaningful indicators as faces, animal features, and horizon
context, showing that high interpretability does not have to
come at the expense of speed. Therefore, it is recommended
that lightweight, interpretable architectures be adopted as
the default for large-scale monitoring on social platforms
and suggest that future work prioritize explanation quality
alongside accuracy.

The results demonstrate that DRV analysis is technically
feasible at scale: a lightweight network can classify raw
social-media with acceptable accuracy, reducing manual
coding workload. Importantly, it was proved that model
architecture is a primary driver of explanation quality as
ResNet18’s residual design produces human-redeable atten-
tion patterns.

These interpretable maps confirm that the chosen
pipeline captures nature-related content and the maps re-
veal which visual features underpin online expressions of
relational values, giving the first empirical window onto the
ways social-media pictures shape, and are shaped by, hu-
man connection to nature.

Deploying the pipeline as a prefilter for ongoing BIG-5
data collection can both scale up the DRV corpus and pro-
vide a live test-bed for human-in-the-loop refinement of
saliency maps.

Taken together, the work advances the BIG-5 project
from concept to operational prototype: it shows that trans-
parent Al can reconnect people to nature even when that
nature is found on a screen and lays the groundwork for
evidence-based stewardship campaigns in an increasingly
digital world.
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APPENDIX

A.1 Gantt Chart
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Fig. 23: Gantt Chart

A.2 Pretrained models; Architectures
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Fig. 24: Architectures for pretrained models
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A.3 Additional Interpretability Techniques

A3.1 Guided GradCAM

Guided GradCAM combines the strengths of GradCAM,
which identifies broad influential regions (“where”),
and guided backpropagation, which captures detailed
features like edges and textures (“what”), to produce
precise, visually rich explanations of model predictions.
Implementation involves wrapping the model to isolate
the task-specific output and registering two sets of hooks:
one captures activations and gradients at a convolutional
layer to compute the GradCAM mask; the other en-
sures only positive gradients flow through ReLU layers
(guided backpropagation). These outputs are then com-
bined—multiplying the coarse GradCAM localization map
with detailed guided backpropagation gradients—to form
a refined, detailed saliency map. This process yields clear,
intuitive visual explanations without altering the underlying
model structure.

Results on Guided GradCAM
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Fig. 26: Guided GradCAM results

A3.2 SHAP

SHapley Additive exPlanations (SHAP) provides theo-
retically grounded explanations by attributing a model’s
prediction to individual input features, based on cooper-
ative game theory. In the context of images, it estimates
how much each pixel or region contributes to increasing or
decreasing the predicted class score relative to a baseline.
SHAP was implemented using a gradient-based explainer,
wrapping the model to isolate the target task and selecting
a representative set of background images. For each test
image, SHAP computes contribution maps by averaging
gradients over small perturbations, producing an attribution
heatmap that reflects the influence of each region. This
heatmap is then normalized, visualized using a colormap,
and blended with the input image for an intuitive explana-
tion of the model’s decision.

Results on SHAP
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Fig. 27: Original image
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Fig. 28: SHAP results



