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This paper presents an Al-assisted image analysis framework for automated lichen
health assessment using naturally acquired field images as a step toward intelligent
environmental sensing. A dataset consisting of 140 images of Lobaria pulmonaria was
collected from the public iNaturalist database and manually annotated according to health
and moisture conditions. An end-to-end framework integrating dataset construction, image
augmentation, deep feature learning, health classification, and quantitative evaluation
was developed and evaluated using stratified five-fold cross-validation. Binary health
assessment achieved an average classification accuracy of 82.1%, while binary moisture
and four-class lichen-status classification achieved accuracies of 75.7% and 64.3%,
respectively. To further evaluate the robustness of the proposed framework, representative
convolutional neural network, transformer-based, and classical machine learning classifiers
were compared under an identical experimental protocol, with EfficientNet-B0 achieving
the highest overall performance. The results demonstrate that Al can reliably assess
lichen health from naturally acquired field images and further reveal that environmental
moisture introduces substantial visual ambiguity for automated health assessment. This
work establishes a practical and reproducible baseline for future Al-assisted environmental
sensing, ecological monitoring, and image-based environmental bioindication.
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1. Introduction

Environmental monitoring plays an essential role in protecting ecosystem sustainability, improving public
health, and supporting informed environmental management. Among various biological indicators, lichens have
long been recognized as valuable bioindicators because their growth, morphology, and physiological condition
are closely influenced by long-term atmospheric conditions and environmental stressors, including sulfur dioxide,
nitrogen oxides, heavy metals, and particulate matter [1]. Owing to their high sensitivity to environmental change,
many epiphytic lichen species provide an integrated biological response to air quality over extended periods, making
them effective indicators of ecosystem health and environmental quality.

Traditional lichen assessment relies primarily on manual visual inspection performed by trained specialists. Field
surveys typically require experts to identify lichen species, evaluate physiological condition, and estimate coverage
before environmental indices can be derived [2]. Although these approaches are well established and scientifically

Copyright: © 2026 by the authors. This is an open access article under the terms and conditions of the Creative Commons Attribution
(CC BY) license (https://creativecommons.org/licenses/by/4.0/).
[

Publisher’s Note: Scilight stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.


https://www.sciltp.com/journals/jaia
https://crossmark.crossref.org/dialog/?doi=10.53941/jaia.2026.100016&domain=pdf
https://doi.org/10.53941/jaia.2026.100016
https://creativecommons.org/licenses/by/4.0/

Wang and Li J. Artif. Intell. Autom. 2026, 1(3), 16

reliable, they remain labor-intensive, time-consuming, and difficult to scale for large geographic regions or repeated
long-term monitoring. Developing automated image-based assessment techniques therefore represents an important step
toward practical environmental sensing and ecological monitoring. Recent sensing technologies have also demonstrated
the feasibility of in-field optical assessment of biological conditions using low-cost imaging systems [3].

Recent advances in artificial intelligence (Al), particularly deep learning and computer vision, have transformed
automated image analysis in agriculture, ecology, environmental science, and biomedical applications [4—6]. Al-
based image classification has achieved remarkable performance in plant recognition, biodiversity assessment, and
ecological monitoring [2, 7, 8]. Existing lichen-related studies have primarily focused on species identification,
instance segmentation, biodiversity assessment, or large-scale lichen coverage estimation using field photographs or
remote sensing imagery [2,7,9]. These studies clearly demonstrate the potential of Al-assisted ecological monitoring
while highlighting the growing importance of intelligent environmental sensing technologies.

Despite these advances, comparatively little attention has been devoted to automated assessment of lichen
health from naturally acquired field images. Unlike species identification, physiological health assessment requires
distinguishing subtle morphological and color changes associated with environmental stress while simultaneously
accounting for natural variations introduced by moisture, illumination, viewing angle, background complexity, and
image quality. These factors substantially increase the difficulty of image-based health assessment and remain
important challenges for practical environmental bioindication.

To address these challenges, this study investigates the feasibility of an Al-assisted image analysis pipeline
for automated lichen health assessment using naturally acquired images of Lobaria pulmonaria. Rather than
proposing a new deep learning architecture, the objective is to evaluate whether existing Al techniques can provide
reliable image-based environmental sensing under realistic field conditions. The proposed framework integrates
dataset construction, image augmentation, deep feature learning, health classification, and quantitative performance
evaluation into a unified image analysis pipeline.

The primary contributions of this work are threefold. First, an Al-assisted image analysis pipeline is developed
for automated lichen health assessment using naturally acquired field images. Second, the influence of moisture
on automated health assessment is systematically investigated through both four-class lichen-status classification
and binary health and moisture classification tasks. Third, representative Al classification strategies, including
convolutional neural networks, transformer-based models, and classical machine learning classifiers, are evaluated
under an identical stratified five-fold cross-validation framework to investigate the robustness of the proposed
environmental sensing approach. The experimental results establish a practical baseline for future Al-assisted
environmental sensing, ecological monitoring, and image-based bioindication, as shown in Figure 1.
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Figure 1. Overview of the proposed image-based lichen health assessment framework. Field images collected
from the iNaturalist database are processed through dataset construction, feature extraction, health assessment, and
performance evaluation to investigate the feasibility of automated lichen health assessment as an initial step toward
environmental sensing.
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2. Related Work and Research Gap

Lichens have long been recognized as valuable biological indicators because they respond sensitively to
long-term environmental stress, including atmospheric pollutants, climate variation, and habitat quality [1,2, 10].
Traditional lichen-based environmental assessment relies on field surveys performed by trained specialists, who
identify lichen species and evaluate their abundance, coverage, or physiological condition to estimate environmental
quality. Although these approaches have proven effective, they are labor-intensive, time-consuming, and difficult to
scale for large geographic regions or repeated environmental monitoring.

Recent advances in computer vision and machine learning have enabled automated analysis of biological images
for ecological applications. Existing lichen-related studies have primarily focused on species identification, biodiversity
assessment, instance segmentation, or large-scale lichen coverage estimation. For example, Partel et al. [ 1 1] demonstrated
high classification accuracy for automated plant identification using deep learning. Presta et al. [7] developed an image-
based framework for automatic lichen species classification, while Nimi et al. [2] compared convolutional neural
networks and classical image descriptors for lichen recognition. Kennedy et al. [9] further extended machine
learning to satellite-based estimation of terricolous lichen cover for regional ecological studies. Collectively, these
studies demonstrate the growing potential of Al-assisted image analysis for ecological monitoring and environmental
sensing. Recent studies have demonstrated that advanced representation learning can support image classification
across a range of environmental and sensing applications. Zhang et al. [12] proposed GCU-Net, which incorporates
geospatial cognition into coral-reef geomorphology classification. Ye et al. [13] combined multimodal remote-
sensing information with feature classification for pine wilt disease monitoring. These studies demonstrate the value
of incorporating environmental context and complementary sensing information into ecological classification. In
contrast, the present study focuses on close-range RGB field photographs collected under uncontrolled conditions
and explicitly investigates moisture as a source of visual ambiguity in lichen health assessment, as shown in Table 1.

Table 1. Representative Al-based studies relevant to lichen and ecological image analysis.

Primary Representative
Reference T: t I S Main Contributi
arge mage Source Objective AI Method ain Contribution
. . . . Demonstrated high-accuracy
. Multiple plant Field Plant species CNN + location - . .
Pirtel et al. [11] . . . L. . automated plant identification under
species photographs identification information .
field conditions.
. . . C ared deep learni d classical
. 20 lichen Time-lapse Species CNN + SIFT . ompare .eep carning and © dS.SICd
Naimi et al. [2] . . . . image descriptors for automated lichen
species images recognition descriptors ..
recognition.
. Regional Estimated lichen cover over large
. Satellite . . . .
Kennedy et al. [9]  Lichen cover imacer ecological Neural network  geographic regions using remote
ima
gery monitoring sensing.
Auty ti
. L ‘u omatie . Developed an image-based framework
Presta et al. [7] Lichens Digital images lichen Deep learning . . .
. . for automated lichen classification.
classification
Health Investigates automated lif:hen health
. . . CNN, assessment and systematically
. Lobaria iNaturalist field ~ assessment for . .
This work . . image environmental Transformer, compares representative Al
ulmonaria i S Vi e
P g sensing SVM, RF classification strategies under an

identical experimental protocol.

Despite these advances, comparatively little attention has been devoted to automated assessment of lichen
physiological health from naturally acquired field images. Unlike species identification, health assessment requires
distinguishing subtle morphological and color changes caused by environmental stress while simultaneously
accounting for natural variations introduced by moisture, illumination, viewing angle, background complexity, and
image quality. These factors substantially increase the difficulty of image-based health assessment and remain
important challenges for practical environmental bioindication.

Furthermore, most previous studies employ a single machine learning model to address a specific ecological
task. Few studies have investigated whether different Al classification strategies produce consistent health assessment
results under identical experimental conditions. Such comparative evaluation is important for understanding the
robustness, generalization, and practical applicability of Al-assisted environmental sensing systems.

Motivated by these observations, this study investigates image-based lichen health assessment as an important
step toward automated environmental sensing. A curated dataset of Lobaria pulmonaria field images was constructed
from the public iNaturalist database and manually labeled according to both health and moisture conditions.
Representative deep-learning, transformer-based, and classical machine learning classifiers are evaluated using
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an identical stratified five-fold cross-validation protocol to enable a fair comparison of different Al strategies.
The resulting framework establishes a practical baseline for future Al-assisted environmental sensing, ecological
monitoring, and image-based bioindication, as shown in Table 2.

Table 2. Comparison of representative studies. The (v) indicate ’Yes’ and () indicate "No’.

Study Species Health Moisture Env. Sensing AI Comparison
Partel et al. [11] v - - - _
Naimi et al. [2] v - - - v
Kennedy et al. [9] - - - v _
Presta et al. [7] v - - v _
This work - v v v v

3. Materials and Methods

3.1. Overall Framework

The proposed Al-assisted environmental sensing framework is illustrated in Figure 1. The framework consists
of five sequential stages:

(1) Image acquisition;

(2) Dataset construction;

(3) Al-based feature learning;
(4) Lichen health classification;
(5) Performance evaluation.

The objective is to investigate whether naturally acquired lichen images can provide reliable information for
automated health assessment and environmental sensing. Rather than developing a new deep learning architecture,
this study establishes a complete image analysis pipeline and evaluates multiple representative Al classification
strategies under an identical experimental protocol.

Figure 2 illustrates the experimental framework used to compare four representative Al classification strategies.
Two end-to-end deep learning models, EfficientNet-BO and MobileViT-S, directly perform image classification using
a fully connected layer followed by a Softmax classifier. In addition, the 1280-dimensional feature vectors extracted
by EfficientNet-B0 are used as inputs to two classical machine learning classifiers, namely Support Vector Machine
(SVM) and Random Forest [14—17]. This design enables systematic evaluation of different decision mechanisms
while maintaining a common feature representation, thereby providing a fair comparison of representative deep
learning, transformer-based, and classical machine learning approaches for automated lichen health assessment.
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(Lobaria pulmonaria)

!
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i
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Figure 2. Experimental framework for comparative evaluation of four representative Al classification strategies.
EfficientNet-BO0 is evaluated both as an end-to-end convolutional neural network with a Softmax classifier and as a
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deep feature extractor whose learned feature vectors are classified using Support Vector Machine (SVM) and
Random Forest (RF). MobileViT-S is independently evaluated as a lightweight CNN-transformer architecture with
an end-to-end Softmax classifier. All models are trained and evaluated under the same experimental protocol for
binary health assessment, binary moisture assessment, and four-class lichen-status classification.

3.2. Image Dataset

This study investigates automated lichen health assessment using Lobaria pulmonaria, an epiphytic lichen
species widely recognized as an environmental bioindicator.

Images were collected from the public iNaturalist database. Only observations labeled as Research Grade were
included to improve species identification reliability. Unlike laboratory datasets, these field photographs exhibit
substantial variations in illumination, viewing angle, background complexity, camera quality, and environmental
conditions, providing a realistic evaluation environment for Al-assisted environmental sensing.

All images were manually reviewed before inclusion. Images containing severe blur, significant occlusion,
multiple dominant specimens, or insufficient visibility were discarded.

Each image was manually labeled according to both physiological condition and moisture status, resulting in
four lichen-status classes:

. Healthy—Wet (HW)
. Healthy—Dry (HD)
. Unhealthy—Wet (UW)
. Unhealthy—Dry (UD)

The final dataset contains 140 annotated field images. The class distribution was relatively balanced, comprising
36 Healthy—Dry images, 33 Healthy—Wet images, 35 Unhealthy—Dry images, and 36 Unhealthy—Wet images.
Consequently, the binary health dataset contained 69 healthy and 71 unhealthy images, while the binary moisture
dataset contained 71 dry and 69 wet images.

3.2.1. Annotation Criteria

Health and moisture labels were assigned independently based on visual examination of each image. A
thallus was labeled as unhealthy when at least two of the following indicators were clearly visible: (1) substantial
discoloration or bleaching; (2) localized or widespread necrotic brown or black patches; (3) fragmentation, damaged
lobe margins, or lobe loss; (4) exposure of the pale medulla resulting from erosion of the pigmented surface layer;
and (5) persistent loss of turgidity, including a shriveled, curled, or brittle appearance that could not be explained
solely by dry conditions. Specimens exhibiting characteristic green—gray coloration, intact lobe margins, and
a relatively uniform and continuous thallus surface were labeled as healthy. Borderline samples showing only
mild or isolated discoloration were conservatively assigned to the healthy category to avoid interpreting normal
pigmentation variation as tissue damage.

Moisture status was evaluated separately from health condition. A thallus was labeled as werwhen it exhibited
darker and more saturated coloration together with smooth, hydrated-looking lobes. A thallus was labeled as dry
when it exhibited lighter coloration and a comparatively brittle, wrinkled, or curled appearance. These health
and moisture criteria produced four classes: Healthy—Wet (HW), Healthy—Dry (HD), Unhealthy—Wet (UW), and
Unhealthy—Dry (UD). All images were labeled by a single annotator using the visual criteria described above.
No laboratory, chemical, or longitudinal measurements were available to confirm the physiological condition of
the photographed specimens. Accordingly, the labels represent visually assessed health conditions rather than
physiologically confirmed diagnoses. Inter-annotator agreement could not be evaluated, which represents a limitation
of the current dataset.

3.2.2. Deep Feature Learning

EfficientNet-BO was adopted as the primary feature learning network because it provides an effective balance
between classification performance, computational efficiency, and model complexity for relatively small image datasets.
Given an input image I,

f=Fy), ey

where Fy(-) denotes the pretrained EfficientNet-BO network and f represents the learned 1280-dimensional
feature vector.
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Global Average Pooling converts the final feature maps into compact image descriptors,

1 H W
fc = W Z Zl‘ijc. (2)

i=1 j=1

Posterior probabilities are obtained using

exp(zp)
Ply=k)= ; (€)
Zj exp(z;)
and optimized using cross-entropy loss
L= nyklogP(y:k). “4)
k

3.2.3. Classification Strategies

To investigate the robustness of the learned image representation, four representative Al classification
strategies were evaluated: EfficientNet-BO with Softmax classification, MobileViT-S, EfficientNet-BO features with
Support Vector Machine (SVM), and EfficientNet-B0 features with Random Forest (RF). These methods represent
convolutional neural networks, lightweight transformer-based models, and classical machine learning classifiers.

EfficientNet-B0 with Softmax

EfficientNet-B0O was used as the primary convolutional feature learning model. Given an input image I, the
pretrained backbone extracts a compact feature representation,

f = Fy(I), ®
where Fj(-) denotes the EfficientNet-B0 feature extractor. The learned feature vector is expressed as

f:[flaf27"'7f1280]T7 (6)

where each element represents a learned latent image feature. These features collectively encode visual information
related to color, texture, morphology, and structural appearance.
The final classification layer maps the feature vector to class scores,

z = Wf + b, )

where W and b are the classifier weights and bias terms. The posterior probability of class k is obtained using the
Softmax function,

exp(zk
Ply = k) = o2t ®)
22 j=1exp(2;)
The predicted label is then determined by
7 = arg max Py =k). ©)
During training, the network parameters were optimized using cross-entropy loss,
K
L=-> ylog Py = k), (10)
k=1

where yy, is the ground-truth label indicator.

Support Vector Machine

For the SVM classifier, the EfficientNet-B0O backbone was used as a fixed feature extractor, and the resulting
1280-dimensional feature vectors were used as the input to the SVM [17]. The SVM seeks an optimal separating
hyperplane by solving

N
1 2
in — I3l 11
min Z|w] +CY ¢ (11)

i=1
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subject to
T
yi(w x; +0) > 1§, (12)

where x; is the feature vector of the ith image, y; € {—1,+1} is the class label, ¢; is the slack variable, and C
controls the trade-off between margin maximization and classification error.
An RBF kernel was used to allow nonlinear decision boundaries in the learned feature space,

K (xi,x5) = exp (—7|[x; — x;5{%) , (13)

where v controls the kernel width. The SVM prediction is given by

N
y = sign <Z OéiyZ'K(Xi,X) + b) s (14)
i=1

where NN is the number of support vectors and «; are the learned support-vector coefficients. In this study, SVM
classification evaluates whether the deep features extracted by EfficientNet-BO are separable using a classical
maximum-margin decision boundary.

Random Forest

For the Random Forest classifier, the same EfficientNet-B0 feature vectors were used as input [16]. A Random
Forest consists of multiple decision trees, each of which produces an individual class prediction,

T (%) = hin (%), (15)

where T, (+) is the mth decision tree and h,,(-) denotes its learned decision function. The final prediction is
obtained by majority voting across all trees,

9 = mode {T1(x), Ta(x), ..., Tm(x)} . (16)

The class probability can be estimated as the proportion of trees voting for class c,
1M
p@:@:M;H(Tm(X):c), (17)

where I(-) is the indicator function and M is the number of trees. This classifier evaluates whether the learned
feature space can be separated using an ensemble of threshold-based decision rules.

MobileViT-S

MobileViT-S was evaluated as a representative lightweight transformer-based image classification model [15,18].
Unlike EfficientNet-B0, which relies primarily on convolutional feature extraction, MobileViT-S combines local
convolutional representations with transformer-based global context modeling. Conceptually, its feature
representation can be written as

FMobileViT =F (FCNNa FTransformer) 5 (18)

where Fnn represents local convolutional features, Fryansformer represents global contextual features, and F(-)
denotes their integration within the MobileViT architecture. MobileViT-S was included to compare the proposed
CNN-based approach with a recent lightweight transformer-based classifier under the same experimental protocol.

3.2.4. Image Augmentation

To improve model generalization under realistic field conditions, several image augmentation techniques were
applied during training, including random resized cropping, horizontal and vertical flipping, color jittering, grayscale
conversion, Gaussian blur, and random erasing.

MixUp augmentation was introduced during the second training stage,

T = )\xl + (1 — )\)(L’j, (19)

where \ ~ Beta(a, «).

The corresponding labels become .
¥ =Xy + (1= A)y;. (20)
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These augmentation strategies improve robustness against illumination variation, viewpoint changes, partial
occlusion, and the limited dataset size.

3.3. Experimental Setup

All images were converted to RGB format and normalized using the ImageNet mean and standard deviation.
During validation, each image was resized to 256 pixels and center-cropped to 224 x 224 pixels. Training
augmentation included random resized cropping, horizontal and vertical flipping, color jittering, grayscale
conversion, Gaussian blurring, and random erasing. Model performance was evaluated using stratified five-fold
cross-validation on the complete dataset of 140 images, with approximately 112 images used for training and 28
images used for validation in each fold.

ImageNet-pretrained EfficientNet-BO and MobileViT-S models were trained using a two-stage transfer-learning
procedure. In the first stage, the pretrained backbone was frozen and only the classification head was trained for five
epochs using a learning rate of 1 x 1073, In the second stage, the entire network was fine-tuned for 20 epochs using
a learning rate of 1 x 10~%. AdamW was used for optimization with a weight decay of 0.05 and a cosine-annealing
learning-rate scheduler with T},,,x = 20. The batch size was set to 8, and cross-entropy was used as the loss function.
For EfficientNet-B0, a dropout rate of 0.4 was applied in the classification head. A recent review of the evolution and
roles of deep-learning optimizers is provided by Wen and Zhou [19], offering broader methodological context for
the selection of adaptive optimization algorithms in image-classification tasks. MixUp augmentation with o = 0.2
was applied to 50% of the fine-tuning batches. During evaluation, test-time augmentation was implemented by
averaging the prediction probabilities obtained from five transformed views.

For the classical machine-learning models, the pretrained EfficientNet-BO backbone was frozen and used
to extract a 1,280-dimensional feature vector from each image. For Support Vector Machine classification, the
extracted features were standardized within each training fold, and an RBF kernel was employed with C' = 10
and balanced class weights. Platt scaling was used to obtain calibrated probability estimates. The Random Forest
classifier consisted of 300 decision trees, used balanced class weights, and imposed no maximum tree depth. Feature
scaling was not applied to the Random Forest classifier.

Model evaluation was performed using stratified five-fold cross-validation to preserve class distribution across
all folds. Test-Time Augmentation (TTA) was employed by averaging prediction probabilities obtained from five
transformed views,

1 M
P=—= P,,. 21
Mﬂ; 1)

Classification performance was evaluated using accuracy, precision, recall, specificity, Fl-score, and
confusion matrices.
For binary health assessment, the four lichen-status classes were further grouped into healthy and
unhealthy categories,
Healthy, y € {HW,HD},
9(y) = (22)
Unhealthy, y e {UW,UD}.
Both direct binary classification and aggregation from the four-class classifier were investigated to evaluate the
influence of moisture on automated lichen health assessment.

3.4. Performance Metrics

Classification performance was evaluated using accuracy, precision, recall (sensitivity), specificity, F1-score,
and confusion matrices. For binary health assessment, unhealthy lichen was treated as the positive class and healthy
lichen as the negative class. The evaluation metrics were calculated as

Aceuracy = 75— ::FFJI; i ?g T FN’ @3)
TP

Precision = TP+ FP 24
TP

Recall = TPTFN’ (25)

Specificity = %, (26)

B=57p +21:~C§ +FN’ @7
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where TP, TN, FP, and FFN denote the numbers of true positives, true negatives, false positives, and false
negatives, respectively. Metrics were calculated separately for each cross-validation fold and are reported as
mean =+ standard deviation. In addition, predictions from all five held-out folds were pooled to construct an
aggregate confusion matrix.

4. Results and Discussion

The proposed Al-assisted environmental sensing framework was evaluated using stratified five-fold cross-
validation on the complete dataset consisting of 140 naturally acquired field images. Three progressively more
challenging classification tasks were investigated, including binary health assessment, binary moisture assessment,
and four-class lichen-status classification. The reported results correspond to the best validation model obtained
within each cross-validation fold.

Figure 3 presents representative validation examples from the best-performing cross-validation fold. Correctly
classified samples are observed across all four lichen-status categories, demonstrating that the proposed Al-assisted
framework successfully captures meaningful physiological characteristics from naturally acquired field images.
Consistent with the aggregated confusion matrix, most misclassifications occur between healthy-dry and unhealthy-
dry specimens, whereas healthy-wet samples are generally recognized with high confidence. These examples
illustrate the considerable visual similarity among certain dry specimens and further support the observation that
environmental moisture substantially influences automated lichen health assessment.

Val Predictions - Best Model (Fold 4) - Acc: 71.4% (20/28)

healthy

N Correct W Incorrect

Figure 3. Representative validation images from the best-performing cross-validation fold. Green borders indicate
correctly classified samples, while red borders denote misclassified samples. The figure includes examples from
all four lichen-status classes: healthy-dry (HD), healthy-wet (HW), unhealthy-dry (UD), and unhealthy-wet (UW).
For each image, the ground-truth label, predicted label, and prediction confidence are shown. Correctly classified
healthy-wet and unhealthy-dry specimens demonstrate the effectiveness of the proposed framework, whereas
most misclassifications occur between healthy-dry and unhealthy-dry samples, highlighting the visual ambiguity
introduced by dry environmental conditions.

4.1. Binary Health Assessment

The primary objective of this study was to investigate whether the proposed framework could distinguish
healthy and unhealthy Lobaria pulmonaria from naturally acquired field images. Binary health assessment achieved
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a mean five-fold classification accuracy of 82.1% =+ 7.5%. The accuracies for the five folds were 75.0%, 96.4%,
78.6%, 78.6%, and 78.6%, respectively, as shown in Table 3. The observed fold-to-fold variability reflects the
limited dataset size, because each held-out fold contained only approximately 28 images.

Table 3. Comparison of representative Al classification strategies. The best-performing metrics are highlighted in bold.

Decision Binary Binary 4-Class
Classifier Feature Learning Health Moisture Characteristics
Strategy (%)
(%) (%)
EfficientNet-BO CNN Softmax  82.1 757 64.3 Highest overall accuracy; end-to-end
deep feature learning.
S Competitive performance with
MobileViT-S CNN +Transformer Softmax 79.3 75.0 - . . . .
lightweight hybrid architecture.
EfficientNet + RF CNN Random 71 72.9 3 Ensemble decision trees operating on
Forest learned deep features.
. RBF Maximum-margin classifier using
EfficientNet + SVM . . -
cientNet +5 CNN SVM 69.3 65.0 EfficientNet feature vectors.

Across the five cross-validation folds, the best validation accuracies were 75.0%, 96.4%, 82.1%, 78.6%, and
82.1%, respectively. Although moderate variation exists between folds, this behavior is expected for a relatively
small dataset containing only 140 images.

The two-stage transfer learning strategy consistently improved performance after fine-tuning the pretrained
EfficientNet-B0 backbone. The results indicate that transfer learning provides effective feature representations even
when only a limited number of ecological images are available. This observation demonstrates that transferring
visual representations learned from large-scale natural image datasets provides an effective starting point for
ecological image analysis, even when only a limited number of labeled lichen images are available.

As shown in Table 4, the model achieved a mean sensitivity of 85.9 + 10.1% for unhealthy specimens and a
mean specificity of 78.2 & 13.6% for healthy specimens. The aggregate confusion matrix, presented in Table 5,
contained 61 true-positive, 54 true-negative, 15 false-positive, and 10 false-negative predictions. These counts
produced an aggregate precision of 80.3%, recall of 85.9%, specificity of 78.3%, and F1-score of 83.0%, as shown in
Table 6. The stronger recognition of unhealthy specimens suggests that visible tissue degradation and discoloration
may provide more distinctive visual cues than those present in healthy specimens.

Table 4. Five-fold performance of EfficientNet-B0 for binary health assessment. Unhealthy lichen was treated as the
positive class.

Fold Accuracy (%) Precision (%) Recall (%) Specificity (%) F1 (%)
1 75.0 76.9 71.4 78.6 74.1
2 96.4 100.0 92.9 100.0 96.3
3 78.6 78.6 78.6 78.6 78.6
4 78.6 70.0 100.0 57.1 82.4
5 82.1 81.2 86.7 76.9 83.9
Mean 82.1 81.3 85.9 78.2 83.0
SD 7.5 10.0 10.1 13.6 7.4

Table 5. Aggregate confusion matrix for binary health assessment across the five held-out folds.

Predicted Class

A 1Cl1
ctual Class Healthy Unbhealthy
Healthy 54 15
Unhealthy 10 61

Table 6. Performance calculated from the aggregate binary health confusion matrix.

Metric Value (%)
Accuracy 82.1
Precision 80.3

Recall 85.9
Specificity 78.3
F1-score 83.0
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4.2. Influence of Moisture on Health Assessment

Although binary health assessment achieved encouraging performance, environmental moisture substantially
influences lichen appearance and therefore represents an important source of classification uncertainty.

Binary moisture classification achieved an average accuracy of 75.7 &+ 9.1%, lower than binary health
classification. Per-class accuracies of 78.9 4 4.6% for dry specimens and 73.8 4 18.5% for wet specimens further
indicate larger performance variation under different environmental conditions.

These observations suggest that moisture introduces considerable visual variability, including changes in color,
texture, and surface reflectance, partially masking the physiological characteristics associated with lichen health.
These findings suggest that physiological health and moisture are not completely independent visual attributes.
Instead, changes in moisture alter the appearance of otherwise healthy and unhealthy specimens, thereby increasing
intra-class variability and reducing class separability. Consequently, moisture represents one of the major challenges
for practical image-based environmental sensing.

4.3. Toward Comprehensive Lichen Status Assessment

To further evaluate the proposed framework under a more challenging and realistic scenario, four-class lichen-
status classification was investigated by simultaneously considering both physiological condition and moisture state.

Compared with binary health assessment, four-class classification achieved a lower average accuracy of
64.3 £ 4.5%. This reduction is expected because the classifier must simultaneously distinguish multiple sources
of visual variation. The four-class classification results provide important insight into the practical limits of
current image-based environmental assessment. While binary health assessment is already suitable for preliminary
environmental screening, reliable simultaneous recognition of health and moisture requires substantially more
discriminative visual representations and larger annotated datasets.

Inspection of the aggregated confusion matrix indicates that most classification errors occurred between
healthy-dry and unhealthy-dry specimens, whereas healthy-wet specimens were recognized more consistently.
These observations further support the hypothesis that moisture significantly influences visual appearance and
increases the difficulty of automated health assessment.

Rather than indicating a limitation of the proposed Al framework, these results demonstrate that simultaneous
recognition of physiological condition and environmental moisture remains a substantially more difficult
environmental sensing problem. Consequently, four-class classification naturally motivates future research toward
more comprehensive Al-assisted ecological monitoring systems.

4.4. Comparison of Representative Al Classification Strategies

To evaluate the robustness of the proposed environmental sensing framework, representative deep learning,
transformer-based, and classical machine learning classifiers were evaluated using an identical experimental protocol.

EfficientNet-B0O achieved the highest overall classification accuracy for both binary health and moisture
assessment. Nevertheless, MobileViT-S demonstrated competitive performance, indicating that reliable lichen health
assessment is not restricted to a single neural network architecture. The relatively small performance gap between
EfficientNet-B0O and MobileViT-S further indicates that recent lightweight vision transformer architectures are also
promising candidates for future ecological image analysis.

Although Random Forest and Support Vector Machine produced lower overall accuracies, both methods
successfully classified lichen health with reasonable performance. These findings suggest that the learned image
representations contain meaningful physiological information that can be exploited by both deep learning and classical
machine learning algorithms. The relatively low computational complexity of these classifiers may also make them
attractive for preliminary image screening or resource-constrained environmental monitoring applications.

Overall, the experimental results demonstrate that the proposed Al-assisted image analysis framework provides
a practical and promising solution for automated lichen health assessment using naturally acquired field images.
More importantly, the progression from binary health assessment to moisture recognition and finally four-class
lichen-status classification illustrates increasing levels of problem complexity. While reliable health assessment has
been demonstrated, simultaneous interpretation of multiple physiological and environmental attributes remains an
open research challenge. The present study establishes a baseline for future research on hierarchical environmental
sensing, multi-task learning, explainable Al, and large-scale ecological monitoring using naturally acquired field
images [20, 21]. Future work could investigate more flexible learning settings as the lichen dataset expands.
For example, exemplar-free class-incremental learning [22] could allow newly annotated health conditions or
lichen species to be incorporated without retaining all previously collected images. Cross-modal and open-set
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representation-learning methods [23] may also support the integration of RGB photographs with environmental
variables while improving the recognition of samples outside the known training categories.

5. Conclusions

This paper presents an Al-assisted image analysis framework for automated lichen health assessment using naturally
acquired field images of Lobaria pulmonaria. A complete environmental sensing pipeline, including dataset construction,
image augmentation, Al-based feature learning, health classification, and quantitative performance evaluation, has been
developed to investigate the feasibility of image-based lichen health assessment under realistic field conditions.

Experimental results demonstrate that the proposed framework can reliably distinguish healthy and unhealthy
lichen specimens using naturally acquired images. Binary health assessment achieves the highest classification
performance, while additional experiments show that environmental moisture introduces substantial visual variability
that increases the difficulty of automated health assessment. Furthermore, comparison with representative deep
learning, transformer-based, and classical machine learning classifiers demonstrates that the proposed framework
maintains consistent performance across different Al paradigms, with EfficientNet-BO achieving the highest overall
classification accuracy.

The progression from binary health assessment to moisture recognition and finally four-class lichen-status
classification illustrates increasing levels of problem complexity for Al-assisted environmental sensing. These
results suggest that visually assessed health status can be distinguished with encouraging accuracy from field
images, whereas simultaneous interpretation of both health condition and environmental moisture remains a more
challenging research problem.

Although this study considers a single lichen species and a relatively small image dataset, it establishes a
practical and reproducible baseline for Al-assisted environmental sensing using biological indicators. Future research
will investigate larger multi-species datasets, hierarchical and multi-task classification strategies, integration of
environmental metadata, and temporal image analysis to further advance automated ecological monitoring and image-
assisted environmental bioindication. By transforming biological observations into scalable digital information,
Al-assisted environmental sensing has the potential to support intelligent automation for long-term ecosystem
monitoring and evidence-based environmental management [24].
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