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 a b s t r a c t

Assessing wood quality at early stages of the forest-wood value chain remains a significant challenge, as qual-
itative evaluations are more typically performed after harvesting. This study presents the application of Vision 
Transformers (ViTs) for the qualitative classification of standing trees at the forest-compartment level, based on 
images captured using a standard smartphone camera.
 A dataset of 460 terrestrial forest images was collected in 31 Douglas fir compartments managed for timber 
production, with images manually assigned to three stem-quality classes (117 class 1, 243 class 2, 100 class 
3). ViT models pre-trained on ImageNet were employed to classify stem quality at both the image and forest-
compartment levels. Several adaptation strategies were evaluated, including Full Fine-Tuning, and parameter-
efficient fine-tuning based on Low-Rank Adaptation (LoRA). Model performance was assessed using a stratified 
10-fold cross-validation, with data splitting performed at the compartment level to ensure spatial independence 
between training and testing data.
 The results demonstrate that ViT-based models can effectively classify stem quality despite limited and imbal-
anced training data. Among the evaluated strategies, LoRA achieved the highest performance, reaching approxi-
mately 0.69 accuracy at the image level and 0.78 accuracy at the compartment level, consistently outperforming 
both Full Fine-Tuning and baseline approaches. Aggregation of predictions at the compartment level via majority 
voting further improved robustness and reduced misclassifications compared to image-level predictions.
 The proposed approach enables the extraction of qualitative information from low-cost image data and can 
be readily integrated into digital forest inventory workflows. This development supports more informed forest 
management and timber commercialization strategies by complementing traditional quantitative metrics with 
the assessments of wood quality.

1.  Introduction

Quality assessment represents a fundamental component of the ef-
ficient utilization of any product. Within the forest-wood value chain, 
such assessments are most commonly conducted during the final phases 
of the production process, either to enhance market value or to comply 
with mandatory regulations (e.g., for structural timber in construction 
[1,2]). However, anticipating the evaluation of material quality up to 
standing trees in the forest or to roundwood at the log yard offers nu-
merous potential advantages for actors operating both in the forestry 
sector and in downstream industrial processes.

Access to information on wood quality, in addition to quantity, sup-
ports forest management strategies that emphasize the cultivation of 
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value beyond volume [3]. At the same time, it enhances resource use, 
making it more efficient and economically viable. Consequently, timber 
harvesting and commercialization can be better aligned with the spe-
cific requirements of different industrial end uses. From a processing 
standpoint, industries could benefit from receiving raw material that is 
pre-selected, more homogeneous, and better suited to the intended ap-
plications, ultimately resulting in higher yields and improved product 
performance [4–6].

Previous studies on stand or log segregation according to quality 
have demonstrated its effectiveness in improving the prediction of sawn 
timber properties and increasing material recovery [7–11].

However, the earlier quality evaluation is implemented along the 
value chain, the greater the opportunities for informed decision-making. 
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It would be highly beneficial to include information on stem character-
istics related to wood quality already during forest inventory surveys 
on standing trees [12]. Although there is currently no harmonization 
regarding which characteristics should be assessed [13], a few highly 
descriptive traits can be identified, among which branchiness and stem 
form are particularly relevant [14]. Visual grading of standing trees can 
be based on these stem properties; however, their assessment is chal-
lenging due to time and resource constraints. Manual evaluation is often 
impractical for large-scale surveys, which is why stem quality assess-
ment in standing trees is not commonly performed.

In this regard, technology could provide valuable support [15], start-
ing with laser scanning and photogrammetry techniques, which are 
widely applied for the determination of quantitative forest parameters 
such as tree diameter, height, and volume [16–19]. The application of 
these technologies for assessing the visually detectable characteristics of 
standing trees related to wood quality was reviewed by [14], who high-
lighted their effectiveness during field surveys, but also emphasized the 
need for further improvements, particularly in data processing, algo-
rithm optimization, and software development.

To address the limitations of the existing instrumental methods, a 
new approach exploiting the potential of deep neural networks for wood 
quality prediction through visual inspection appears highly promising. 
This approach relies on recent advances in image-based techniques and 
artificial intelligence. Developments in hardware and software technolo-
gies have opened new possibilities, improving both the speed and ac-
curacy of surveys and enabling more detailed data acquisition. In par-
ticular, computer vision and deep learning techniques show strong po-
tential, as they allow real-time evaluations and enable the automatic 
extraction of stem attributes such as diameter, branch dimension, and 
branch angle from stereo images with sufficient accuracy for size class 
definition [20,21].
Image-based solutions have gained increasing attention due to their af-
fordability, portability, and the availability of easy-to-use devices for 
data acquisition, typically a camera. In this context, the use of smart-
phone applications for tree measurements is growing, making forest sur-
veys progressively more cost-effective [22,23]. Among them, Trestima®
is a mobile application used for forest inventory that estimates forest at-
tributes by capturing images with the smartphone camera [24,25]. Dur-
ing field surveys, the operator walks through the forest compartment, 
acquires images, and uploads them for cloud-based processing. The es-
timated variables, including tree species, basal area, median diameter, 
and height, are then provided to the user in near real time. The resulting 
report describes the forest compartment in terms of quantitative metrics. 
However, such applications are currently used primarily for determining 
tree dimensions, but the same images employed for metric estimation 
could also be exploited to assess stem quality, thereby enabling the in-
tegration of qualitative descriptors in forest inventory outputs [26].

Unlike traditional machine learning approaches that rely on man-
ual feature extraction, Deep Neural Networks, and in particular Trans-
former architectures, provide enhanced capabilities for processing com-
plex visual data and detecting subtle patterns such as those related 
to wood quality. Originally developed for Natural Language Process-
ing tasks, Transformer architectures rely on self-attention mechanisms 
that were subsequently found to be effective for image classification 
as well [27]. Following this insight, Vision Transformers (ViTs) have 
been investigated across a wide range of application domains. Maurício 
et al. [28] reviewed studies comparing ViTs with the previously dom-
inant Convolutional Neural Networks (CNNs) for image classification, 
reporting that ViTs generally outperformed CNN-based models. One of 
the main characteristics of ViTs is their ability to capture global contex-
tual information through self-attention, which can improve performance 
in the presence of noisy visual data. However, while the self-attention 
mechanism enables efficient modeling of long-range dependencies, ViTs 
may exhibit limited generalization when trained on small datasets with-
out adequate regularization or pre-training. Both ViTs and CNNs are 
well suited for transfer learning and have demonstrated strong per-

formance when adapted from large pre-trained models to downstream
tasks.

In forest monitoring, ViTs have been investigated mainly in re-
mote sensing applications such as forest health assessment [29], de-
forestation monitoring [30], forest fire detection [31], and canopy-
height estimation [32]. Most existing studies operate on large-scale 
aerial imagery and rely on datasets that are not organized at the 
forest-plot (compartment) level. Despite the strong performance of mod-
ern deep models on generic computer-vision benchmarks, only a lim-
ited number of approaches have been tailored to proximal, ground-
level images of forest inventory plots. Due to the scarcity of cu-
rated plot-level datasets, models pre-trained on natural images often 
exhibit limited performance in this specific domain, thus requiring
adaptation.

Low-Rank Adaptation (LoRA) [33] is a parameter-efficient fine-
tuning technique designed to adapt large pre-trained models without 
updating all their weights. Instead of updating the entire network, LoRA 
injects trainable low-rank decomposition matrices into the self-attention 
layers of the frozen pre-trained ViT backbone. This allows the model 
to adapt its attention patterns to task-specific visual features while 
maintaining the general visual representations learned during large-
scale pre-training, making it particularly suitable for scenarios with 
limited data or computational resources. It has been adopted across a 
wide range of applications, including computer vision. Yang et al. [34] 
provided a comprehensive review of LoRA techniques across multiple 
domains, ranging from natural language processing and code genera-
tion to speech processing and computer vision, highlighting its ability 
to preserve model performance while substantially reducing computa-
tional requirements. Applications of LoRA-based adaptation have also 
been reported in remote sensing imagery analysis [35,36]. However, 
to the best of our knowledge, no prior study has investigated the use 
of LoRA for the analysis of forest proximity images acquired at ground
level.

The present work addresses this gap by adapting a ViT-based model 
to a dataset of terrestrial forest images acquired by a smartphone cam-
era and subsequently labeled for stem quality with both compartment- 
and image-level granularity. A stratified 𝑘-Fold Cross-Validation strat-
egy was adopted to ensure robust evaluation and fair comparison. Stan-
dard full fine-tuning of the ViT backbone was compared with parameter-
efficient fine-tuning using LoRA, also evaluating model robustness under 
domain shifts.

The overall objective of this study was to apply a Vision Trans-
former model to analyse terrestrial forest images and classify forest 
compartments according to tree-stem quality, with the aim of sup-
porting forest inventory and management applications. To achieve 
this aim, the following specific objectives were pursued: (1) to de-
velop and evaluate a ViT-based framework for stem quality classifi-
cation using smartphone-acquired terrestrial forest images, consider-
ing both image-level and compartment-level prediction scales; (2) to 
compare full and parameter-efficient model adaptation strategies, as-
sessing their impact on classification performance and robustness un-
der data-scarce and domain-shift conditions; (3) to assess the gener-
alization capability of the proposed approach through spatially inde-
pendent, compartment-level cross-validation aligned with operational 
forest inventory requirements. The resulting output, a qualitative clas-
sification of forest compartments, could be integrated as an addi-
tional stand-level attribute within forest inventory systems, thereby 
enhancing decision-making processes along the forest-wood value
chain.

The remainder of this paper is organized as follows: Section 2 de-
tails the dataset acquisition, the quality assessment protocol, and the 
dataset splitting strategy; Section 3 describes the proposed methodol-
ogy for developing the ViT model; Section 4 presents the experimental 
results; Section 5 discusses the main findings; Section 6 addresses the 
limitations of the study and suggests possible future developments; fi-
nally, Section 7 summarizes the concluding remarks.
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Fig. 1. Overview of the experimental pipeline. Top-left: Dataset aggregation where compartment-level classes are determined via majority voting (mode) of image-
level predictions. Top-right: The 10-fold cross-validation framework benchmarking four Vision Transformer backbones (ViT-B32, B16, L16, H14) using adaptation 
strategies ranging from shallow classifiers (k-NN, Linear probe) to Low-Rank Adaptation (LoRA) and full Fine-tuning. Bottom-left: Model evaluation metrics for 
accuracy at both compartment (𝐴𝑐𝑜𝑚𝑝) and image (𝐴𝑖𝑚𝑔) levels. Bottom-right: classification task.

Table 1 
Characteristics of the forest stands surveyed 
for image data acquisition.
 Variable  Mean  Min  Max
 Area (ha)  1.9  0.2  7.3
 Basal area (𝑚2/ha)  65.8  36.2  103.9
 Mean DBH (cm)  43.8  27.6  71.7
 Mean Height (m)  35.1  27.4  43.4
 N trees / ha  455  190  996
 Volume (𝑚3/ha)  954  504  1571
 Age (years)  70  40  97

2.  Dataset

The pipeline of the experiment is outlined in Fig. 1 and detailed in 
the following paragraphs.

2.1.  Dataset acquisition and stem quality evaluation

Data acquisition was conducted in 31 forest compartments of Dou-
glas fir (Pseudotsuga menziesii (Mirb.) Franco) monoculture. Sampling 
was carried out across different properties aimed at the cultivation of 
this species as an even-aged plantation for timber production. Douglas 
fir was therefore the dominant species, although other tree species, such 
as silver fir, beech, black pine, and chestnut, were occasionally and lo-
cally present, depending on site-specific factors including soil type, ex-
posure, and altitude. The characteristics of the stands are reported in 
Table 1. The average elevation was 920m asl, ranging from 350m asl 
for the lowest forest compartment to 1340m.

Pictures were taken using the Trestima® (https://www.trestima.
com) mobile application during a survey campaign carried out from 
June to the following October. The survey was conducted in daylight, 
under sunny or cloudy conditions (no rain or snow), while walking 

Fig. 2. Trestima® picture example.

across the stand, without maintaining fixed distances from the trees. 
Three different mobile phone models were used: Samsung Galaxy A34, 
Motorola Moto G72, and Google Pixel 7a, with apertures of f/1.8, f/2.2, 
and f/1.89, and sensor sizes of 1/2.0", 1/1.67", and 1/1.73", respec-
tively. Exposure settings were automatic, and HDR was enabled on all 
devices. The image resolution was set by the Trestima® application to 
1600×900. The forest compartments were walked systematically, and 
an average of 15 pictures per stand was taken so to cover the entire 
stand area. The pictures are in landscape format; an example is depicted 
in Fig. 2.

The qualification of standing trees was performed by visual assess-
ment. Since no grading rule is available for standing tree trunks, gen-
eral guidance was taken from the European Standard "Quality grad-
ing of round timber of conifers. Part 3: Larch and Douglas fir" [37]. 
Three classes were developed to describe stem quality, primarily based 
on branchiness, with class 1 the best and class 3 the poorest quality
(Table 2).
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Fig. 3. Example of quality classification: class 1 on the left; class 2 in the center; class 3 on the right.

Table 2 
Description of stem quality classes: branch parameters 
and limitation.
 Quality class  Branch diameter  Number of branches
 1 < 1 cm < 2 / m
 2 < 3 cm  2 / m < N < 5 / m
 3 > 3 cm > 2 / m

Quality 1: Generally, no branches are present in the first sawn log (the 
first 4-5m of the stem); very small branches (less than 1 cm in 
diameter) may be present, but in limited numbers.

Quality 2: Branches may be present in the first sawn log; either numer-
ous very small branches or a few medium-sized branches (less 
than 3 cm in diameter) are allowed.

Quality 3: Branches are present in the first sawn log; either numerous 
medium-sized branches or larger branches are allowed.

The forest compartments were classified according to the three qual-
ities: to each image a quality class was assigned, determined by field 
observation and subsequent desk verification of the images (Fig. 3); the 
class assignment was guided by the 3-4 trees in the foreground of the 
picture. To each forest compartment was assigned the class most fre-
quently observed among the images taken within that compartment.
The dataset consisted of 460 landscape pictures: 117 images were clas-
sified as class 1, 243 as class 2 and 100 as class 3. Accordingly, 6 forest 
compartments were classified as class 1, 18 as class 2 and 7 as class 3. 
Table 3 shows the distribution of the image classification for each forest 
compartment quality. The images and their classification as well as the 
classification by forest compartments are published on Zenodo [38]. As 
shown in Table 3, the dataset exhibits a mild class imbalance, particu-
larly between class 2 and the other classes. This likely occurs because 
the middle class represents the average quality of the studied forests, 
and was therefore more frequent than the low and high quality classes. 
Details on how this issue was addressed during model development are 
provided in the following section.

2.2.  Problem formulation and definition of evaluation metrics

The quality assessment task was formalized at two levels of granu-
larity: the individual image level and the forest compartment level. Let 

Table 3 
Distribution (in percentages) of image classes within each forest 
compartment quality.
 Forest  N. Images  Image class (%)
 Compartment class  Class 1  Class 2  Class 3
 1  102  87.3  9.8  2.9
 2  281  9.9  77.6  12.5
 3  77  0.0  19.5  80.5

the dataset be denoted as  = {(𝑥𝑖, 𝑦𝑖, 𝑐𝑖)}𝑁𝑖=1, consisting of 𝑁 total im-
ages. Here, 𝑥𝑖 represented the 𝑖th input image, 𝑦𝑖 ∈  = {1, 2, 3} denoted 
the ground truth quality label, and 𝑐𝑖 ∈ {1,… ,𝑀} identified the unique 
forest compartment to which the image belonged, with 𝑀 being the to-
tal number of compartments. The model 𝑓 (⋅) mapped an input 𝑥𝑖 to a 
predicted label 𝑦̂𝑖 = 𝑓 (𝑥𝑖).

Two categories of evaluation metrics were defined, namely image-
level and compartment-level metrics. Image-Level Accuracy (𝐴𝑖𝑚𝑔) was 
used to quantify fine-grained classification performance and was defined 
as:

𝐴𝑖𝑚𝑔 = 1
𝑁

𝑁
∑

𝑖=1
1[𝑦̂𝑖 = 𝑦𝑖], (1)

where 1[⋅] denoted the indicator function.
In addition to accuracy, macro recall (equivalently, macro sensitiv-

ity) and macro F1-score were also considered in order to provide a more 
comprehensive assessment of the multiclass classification performance. 
Since the problem involved three classes, recall and F1-score were com-
puted in a one-vs-rest fashion for each class and then macro-averaged 
across classes. For each class 𝓁 ∈ , the image-level recall/sensitivity 
was defined as

𝑅(𝓁)
𝑖𝑚𝑔 =

𝑇𝑃 (𝓁)
𝑖𝑚𝑔

𝑇𝑃 (𝓁)
𝑖𝑚𝑔 + 𝐹𝑁 (𝓁)

𝑖𝑚𝑔

, (2)

where 𝑇𝑃 (𝓁)
𝑖𝑚𝑔 and 𝐹𝑁 (𝓁)

𝑖𝑚𝑔 denote the true positives and false negatives 
for class 𝓁, respectively. The corresponding macro-averaged image-level 
recall was then computed as

𝑚𝑅𝑖𝑚𝑔 = 1
||

∑

𝓁∈
𝑅(𝓁)
𝑖𝑚𝑔 . (3)
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Similarly, the image-level F1-score for class 𝓁 was defined as

𝐹1(𝓁)𝑖𝑚𝑔 =
2𝑇𝑃 (𝓁)

𝑖𝑚𝑔

2𝑇𝑃 (𝓁)
𝑖𝑚𝑔 + 𝐹𝑃 (𝓁)

𝑖𝑚𝑔 + 𝐹𝑁 (𝓁)
𝑖𝑚𝑔

, (4)

where 𝐹𝑃 (𝓁)
𝑖𝑚𝑔 denotes the false positives for class 𝓁. The macro-averaged 

image-level F1-score was then given by

𝑚𝐹1𝑖𝑚𝑔 = 1
||

∑

𝓁∈
𝐹1(𝓁)𝑖𝑚𝑔 . (5)

To align the evaluation with the operational requirements of the for-
est inventory application, in which aggregate quality information de-
scribes the quality of an entire forest compartment, compartment-level 
metrics were also introduced. These metrics were computed employing 
a majority voting aggregation strategy.

For a given compartment 𝑗, 𝑗 = {𝑖 ∣ 𝑐𝑖 = 𝑗} represented the set of 
indices corresponding to all images associated with that compartment. 
The aggregated compartment-level prediction, 𝑌𝑗 , was defined as the 
mode of the image-level predictions:

𝑌𝑗 = mode({𝑦̂𝑖 ∣ 𝑖 ∈ 𝑗}). (6)

Given the compartment ground truth 𝑌𝑗 , the compartment-level accu-
racy was computed as

𝐴𝑐𝑜𝑚𝑝 =
1
𝑀

𝑀
∑

𝑗=1
1[𝑌𝑗 = 𝑌𝑗 ]. (7)

Using the same majority-vote compartment predictions 𝑌𝑗 , macro 
recall/sensitivity and macro F1-score were also computed at the com-
partment level. In particular,

𝑅(𝓁)
𝑐𝑜𝑚𝑝 =

𝑇𝑃 (𝓁)
𝑐𝑜𝑚𝑝

𝑇𝑃 (𝓁)
𝑐𝑜𝑚𝑝 + 𝐹𝑁 (𝓁)

𝑐𝑜𝑚𝑝

, 𝑚𝑅𝑐𝑜𝑚𝑝 =
1
||

∑

𝓁∈
𝑅(𝓁)
𝑐𝑜𝑚𝑝. (8)

𝐹1(𝓁)𝑐𝑜𝑚𝑝 =
2𝑇𝑃 (𝓁)

𝑐𝑜𝑚𝑝

2𝑇𝑃 (𝓁)
𝑐𝑜𝑚𝑝 + 𝐹𝑃 (𝓁)

𝑐𝑜𝑚𝑝 + 𝐹𝑁 (𝓁)
𝑐𝑜𝑚𝑝

, 𝑚𝐹1𝑐𝑜𝑚𝑝 =
1
||

∑

𝓁∈
𝐹1(𝓁)𝑐𝑜𝑚𝑝. (9)

Here, 𝑇𝑃 (𝓁)
𝑐𝑜𝑚𝑝, 𝐹𝑃 (𝓁)

𝑐𝑜𝑚𝑝, and 𝐹𝑁 (𝓁)
𝑐𝑜𝑚𝑝 were computed by comparing the 

aggregated compartment predictions 𝑌𝑗 with the corresponding ground-
truth compartment labels 𝑌𝑗 .

These metrics were used to assess the robustness of the proposed 
method against individual noisy viewpoints by exploiting spatial con-
sistency within compartments.

2.3.  Cross-validation strategy

To mitigate overfitting and evaluate generalization to unseen for-
est compartments, a stratified 𝑘-Fold Cross-Validation strategy (𝑘 = 10) 
was employed. Crucially, train-test data splitting was performed at the 
compartment level rather than the image level, ensuring that all images 
from a given compartment appeared exclusively in either the training or 
the test set of each fold. This approach explicitly evaluated the model’s 
capacity for domain generalization, promoting learning of robust wood 
quality features rather than overfitting to site-specific environmental 
characteristics present in the training locations.

Within each fold, the test set comprised a balanced selection of com-
partments, specifically two compartments from each quality class, to 
ensure uniform evaluation. The remaining compartments formed the 
training set. While compartment selection was balanced, the number of 
images per fold varied due to the intrinsic distribution of images (see Ta-
ble 3). Fig. 4 visually illustrates the resulting composition of the training 
and testing splits across all ten folds. This rigorous procedure allowed 
an evaluation of the model’s ability to generalize to entirely new ge-
ographical locations. Finally, for reproducibility, the compartment IDs 
assigned to the test set for each fold are detailed in Table 4.

Table 4 
Composition of the test sets for the 10-fold cross-validation. The table 
lists the IDs of the forest compartments (FC) [38] included in the test 
split for each fold.

Fold
 Class 1  Class 2  Class 3
 FC1  FC2  FC1  FC2  FC1  FC2

 1  2881501  2881593  2880634  2881811  2880631  2938215
 2  2881593  2882024  2881522  2881822  2880542  2938215
 3  2881501  2881567  2881523  2881528  2880495  2938215
 4  2881567  2881593  2880486  2880634  2759870  2880495
 5  2881526  2882024  2880673  2881555  2881575  2938215
 6  2881501  2882024  2880673  2881522  2880542  2881575
 7  2881502  2881526  2771528  2881710  2880491  2880542
 8  2881526  2881567  2880485  2880486  2880495  2880542
 9  2881501  2881526  2880485  2880490  2880491  2881575
 10  2881502  2882024  2881487  2881610  2759870  2938215

Table 5 
Architectural hyperparameters of the vision transformer variants em-
ployed.

 Model  Layers  Hidden Size 𝐷  MLP Size  Heads  Params
 ViT-B/32  12  768  3072  12  86M
 ViT-B/16  12  768  3072  12  86M
 ViT-L/16  24  1024  4096  16  307M
 ViT-H/14  32  1280  5120  16  632M

3.  Method

Wood quality assessment was formulated as a supervised classifi-
cation task. A ViT architecture was employed as the feature extractor. 
Two strategies were evaluated for adapting the pre-trained weights to 
the target domain: Full Fine-Tuning and LoRA.

3.1.  Network architecture

The Vision Transformer [27] processes images as sequences of patch 
embeddings. An input image 𝑥 ∈ ℝ𝐻×𝑊 ×𝐶—where H, W, and C repre-
sent the height, width, and number of channels, respectively—is re-
shaped into a sequence of flattened 2D patches 𝑥𝑝 ∈ ℝ𝑁×(𝑃 2⋅𝐶), where 
(𝑃 , 𝑃 ) denotes the patch resolution and 𝑁 = 𝐻𝑊 ∕𝑃 2 is the sequence 
length. The patches are mapped to a latent vector of size 𝐷 via a train-
able linear projection. A learnable position embedding is added to pre-
serve spatial structure, and a learnable classification token ([CLS]) is 
prepended to the sequence. The resulting vectors are processed by an 
encoder consisting of 𝐿 layers of Multi-Head Self-Attention (MSA) and 
Multi-Layer Perceptron (MLP) blocks. The final representation 𝑦 is ob-
tained from the state of the [CLS] token at the output of the 𝐿th layer.

To analyze the influence of model capacity and architectural design 
on performance, four Vision Transformer variants were considered in 
this study: ViT-B/32, ViT-B/16, ViT-L/16, and ViT-H/14. All models uti-
lized weights pre-trained on the ImageNet-21k dataset to ensure robust 
feature initialization. The architectural details for these models, includ-
ing network depth, embedding dimensions, and parameter counts, are 
summarized in Table 5.

3.2.  Model adaptation

3.2.1.  Full fine-tuning
In this configuration, the pre-trained projection head was replaced 

with a randomly initialized linear classifier producing 𝐶 = 3 class log-
its. During training, all encoder and classifier parameters were updated. 
Differential learning rates were adopted, with a lower learning rate for 
the encoder and a higher one for the classifier.
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Fig. 4. 10-fold splits of dataset.

3.2.2.  Low-rank adaptation (LoRA)
To enable efficient adaptation in a data-scarce regime, Low-Rank 

Adaptation (LoRA) [33] was employed. LoRA freezes the pre-trained 
weights 𝑊0 ∈ ℝ𝑑×𝑘 and models the weight updates Δ𝑊  via low-rank 
decomposition. The forward pass for a linear layer is modified as:
ℎ = 𝑊0𝑥 + Δ𝑊 𝑥 = 𝑊0𝑥 + 𝛼

𝑟
𝐵𝐴𝑥 (10)

where 𝐵 ∈ ℝ𝑑×𝑟 and 𝐴 ∈ ℝ𝑟×𝑘 are trainable low-rank matrices with rank 
𝑟 ≪ min(𝑑, 𝑘), and 𝛼 is a scaling factor. The weight 𝑊0 remains frozen 
during training.
LoRA modules were applied to the query (𝑊𝑄) and value (𝑊𝑉 ) projec-
tion matrices within the self-attention mechanism, restricting optimiza-
tion to a small subset of parameters.

3.3.  Objective function

The model was optimized using the cross-entropy loss. Let 𝑧𝑖 ∈ ℝ𝐶

denote the vector of raw logits for the 𝑖th sample in a batch of size 𝐵, 
and 𝑦𝑖 denote the corresponding ground truth class index. The loss was 
defined as:

 = − 1
𝐵

𝐵
∑

𝑖=1
log

(

exp(𝑧𝑖,𝑦𝑖 )
∑𝐶

𝑗=1 exp(𝑧𝑖,𝑗 )

)

(11)

3.4.  Compared methods

To assess the efficacy of the proposed adaptation strategies, their 
performance was compared against three baseline methods with frozen 
backbones:

• k-Nearest Neighbors (k-NN): the pre-trained encoder was used as 
a fixed feature extractor, and classification was performed on the
[CLS] embeddings with a k-nearest neighbors classifier (𝑘 = 5).

• Linear Probing: the encoder was kept frozen and a single linear 
classifier was trained on the extracted [CLS] embeddings.

• MLP Head: the encoder was kept frozen and the linear classifier was 
replaced with a two-layer MLP with ReLU activations.

• Training from Scratch: the Vision Transformer backbone and the 
final classification layer were randomly initialized and trained di-
rectly on the target dataset, without using pre-trained weights. This 
setting was included to assess the contribution of transfer learning 
with respect to learning the model entirely from the available train-
ing data.

Friedman test and Nemenyi post-hoc test [39] were used to compare the 
models. These comparison methods provide reference points for evalu-
ating the effect of frozen-feature baselines, random initialization, and 
encoder adaptation through Full Fine-Tuning and LoRA.

4.  Experimental results

This section presents a comprehensive experimental evaluation of 
the proposed methodology. All experiments were conducted using an 
NVIDIA GeForce RTX 4090 GPU. The results are first reported in terms 
of model performance, with a comparison between the proposed adap-
tation strategies and the baseline methods. A sensitivity analysis was 
also performed on the best-performing model. Subsequently, qualita-
tive analyses are provided by examining classification errors through 
confusion matrices. Finally, to validate the obtained results and to gain 
further insight into the model’s behavior, an explainability analysis of 
the best-performing model is presented.

4.1.  Implementation details

The LoRA rank was set to 𝑟 = 32 with a scaling factor 𝛼 = 32. Train-
ing was performed using the AdamW optimizer, incorporating a weight 
decay of 0.0005 for regularization, and a strictly controlled learning 
rate schedule. A cosine annealing strategy was utilized, initializing the 
learning rate at 0.0001 and decaying it to zero over 100 epochs. No 
warmup strategy was adopted. Because the dataset is mildly imbalanced, 
balanced batch sampling was adopted during training so that each 
mini-batch contained a balanced representation of the three classes; 
therefore, no class-weighted loss was used. The batch size was set to 
32 to accommodate the GPU memory constraints during experimen-
tation. Rather than performing configuration-specific hyperparameter 
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Table 6 
Performance comparison of different fine-tuning strategies 
across four Vision Transformer architectures at the image 
level. Image-Level Accuracy (𝐴𝑖𝑚𝑔), macro recall (𝑚𝑅𝑖𝑚𝑔), 
and macro F1-score (𝑚𝐹1𝑖𝑚𝑔) are reported. The values rep-
resent the mean ± standard deviation over the 10-fold 
cross-validation. The best value in each column is reported 
in bold.
 (a) ViT-B/32
 Method 𝐴𝑖𝑚𝑔 𝑚𝑅𝑖𝑚𝑔 𝑚𝐹1𝑖𝑚𝑔

 k-NN classifier 0.48 ± 0.06 0.45 ± 0.05 0.45 ± 0.06
 Linear Probing 0.59 ± 0.11 0.58 ± 0.10 0.56 ± 0.11
 MLP head 0.55 ± 0.10 0.54 ± 0.10 0.54 ± 0.09
 From Scratch 0.65 ± 0.09 0.65 ± 0.09 0.64 ± 0.09
 Full Fine-Tuning 0.36 ± 0.09 0.33 ± 0.12 0.34 ± 0.10
 LoRA 𝟎.𝟔𝟗 ± 𝟎.𝟎𝟖 𝟎.𝟔𝟖 ± 𝟎.𝟎𝟕 𝟎.𝟔𝟕 ± 𝟎.𝟎𝟖

 (b) ViT-B/16
 k-NN classifier 0.54 ± 0.08 0.53 ± 0.08 0.54 ± 0.07
 Linear Probing 0.65 ± 0.08 0.63 ± 0.10 0.61 ± 0.09
 MLP head 0.64 ± 0.07 0.64 ± 0.08 0.63 ± 0.09
 From Scratch 0.64 ± 0.09 0.63 ± 0.10 0.63 ± 0.10
 Full Fine-Tuning 0.49 ± 0.09 0.48 ± 0.10 0.45 ± 0.11
 LoRA 𝟎.𝟔𝟖 ± 𝟎.𝟎𝟖 𝟎.𝟔𝟔 ± 𝟎.𝟏𝟎 𝟎.𝟔𝟓 ± 𝟎.𝟎𝟗

 (c) ViT-L/16
 k-NN classifier 0.52 ± 0.10 0.50 ± 0.10 0.49 ± 0.09
 Linear Probing 0.62 ± 0.06 0.59 ± 0.05 0.58 ± 0.07
 MLP head 0.63 ± 0.09 0.61 ± 0.10 0.60 ± 0.10
 From Scratch 0.65 ± 0.09 0.65 ± 0.10 0.64 ± 0.10
 Full Fine-Tuning 0.38 ± 0.13 0.35 ± 0.14 0.37 ± 0.14
 LoRA 𝟎.𝟔𝟗 ± 𝟎.𝟎𝟖 𝟎.𝟔𝟕 ± 𝟎.𝟎𝟕 𝟎.𝟔𝟕 ± 𝟎.𝟎𝟖

 (d) ViT-H/14
 k-NN classifier 0.52 ± 0.06 0.52 ± 0.05 0.50 ± 0.04
 Linear Probing 0.61 ± 0.06 0.60 ± 0.05 0.59 ± 0.06
 MLP head 0.67 ± 0.04 0.65 ± 0.05 0.64 ± 0.04
 From Scratch 0.63 ± 0.09 0.63 ± 0.10 0.62 ± 0.09
 Full Fine-Tuning 0.35 ± 0.08 0.34 ± 0.07 0.33 ± 0.09
 LoRA 𝟎.𝟔𝟖 ± 𝟎.𝟎𝟖 𝟎.𝟔𝟕 ± 𝟎.𝟎𝟕 𝟎.𝟔𝟓 ± 𝟎.𝟎𝟖

searches, we maintained these standardized settings across all exper-
iments to guarantee a fair, controlled comparison among the various 
ViT architectures and adaptation methods. To ensure robustness, all im-
ages were resized to 224×224 pixels and normalized using the standard 
statistics (mean and standard deviation) of the ImageNet dataset. Data 
augmentation techniques, including Random Crop, Horizontal Flip, and 
RandAugment, were applied during training to enhance the model’s in-
variance to a variety of visual variations.

4.2.  Model capacity performance

Quantitative results of the experimental evaluation are summarized 
in Tables 6 and 7. Performance was analysed along two dimensions: 
the effectiveness of the adaptation strategy and the impact of model 
architecture size, considering both image-level and compartment-level 
metrics as defined in Section 2.2.

A systematic comparison of the adaptation methods revealed distinct 
performance patterns across all backbone architectures. These trends 
were consistent not only in terms of accuracy, but also in macro re-
call and macro F1-score, indicating that the relative behavior of the 
compared strategies remained stable when class-wise performance was 
taken into account. As for the three baseline tested, the Linear Probing 
and MLP Head demonstrated similar performance, with the zero-shot 
k-NN classifier showed slightly lower metric values.
The training-from-scratch setting yielded competitive results across all 
backbone architectures. In most cases, it outperformed the frozen-
feature baselines and consistently exceeded Full Fine-Tuning, showing 
that the model can learn task-relevant features directly from the target 

Table 7 
Performance comparison of different fine-tuning strate-
gies across four Vision Transformer architectures at the 
compartment level. Aggregated Compartment-Level Accu-
racy (𝐴𝑐𝑜𝑚𝑝), macro recall (𝑚𝑅𝑐𝑜𝑚𝑝), and macro F1-score 
(𝑚𝐹1𝑐𝑜𝑚𝑝) are reported. The values represent the mean ±
standard deviation over the 10-fold cross-validation. Since 
each test fold contains two compartments for each of the 
three classes, 𝑚𝑅𝑐𝑜𝑚𝑝 numerically coincides with 𝐴𝑐𝑜𝑚𝑝. The 
best value in each column is reported in bold. 

 (a) ViT-B/32
 Method 𝐴𝑐𝑜𝑚𝑝 𝑚𝑅𝑐𝑜𝑚𝑝 𝑚𝐹1𝑐𝑜𝑚𝑝

 k-NN classifier 0.43 ± 0.11 0.43 ± 0.11 0.40 ± 0.12
 Linear Probing 0.67 ± 0.21 0.67 ± 0.21 0.64 ± 0.20
 MLP head 0.63 ± 0.15 0.63 ± 0.15 0.61 ± 0.16
 From Scratch 0.72 ± 0.17 0.72 ± 0.17 0.71 ± 0.16
 Full Fine-Tuning 0.38 ± 0.15 0.38 ± 0.15 0.37 ± 0.15
 LoRA 𝟎.𝟕𝟖 ± 𝟎.𝟏𝟓 𝟎.𝟕𝟖 ± 𝟎.𝟏𝟓 𝟎.𝟕𝟖 ± 𝟎.𝟏𝟓

 (b) ViT-B/16
 k-NN classifier 0.58 ± 0.13 0.58 ± 0.13 0.57 ± 0.12
 Linear Probing 0.73 ± 0.13 0.73 ± 0.13 0.71 ± 0.20
 MLP head 0.77 ± 0.13 0.77 ± 0.13 0.74 ± 0.13
 From Scratch 0.70 ± 0.18 0.70 ± 0.18 0.70 ± 0.18
 Full Fine-Tuning 0.57 ± 0.13 0.57 ± 0.13 0.56 ± 0.13
 LoRA 𝟎.𝟕𝟖 ± 𝟎.𝟏𝟓 𝟎.𝟕𝟖 ± 𝟎.𝟏𝟓 𝟎.𝟕𝟔 ± 𝟎.𝟏𝟒

 (c) ViT-L/16
 k-NN classifier 0.52 ± 0.17 0.52 ± 0.17 0.51 ± 0.18
 Linear Probing 0.70 ± 0.16 0.70 ± 0.16 0.70 ± 0.15
 MLP head 0.60 ± 0.21 0.60 ± 0.21 0.59 ± 0.19
 From Scratch 0.70 ± 0.18 0.70 ± 0.18 0.70 ± 0.18
 Full Fine-Tuning 0.50 ± 0.15 0.50 ± 0.15 0.48 ± 0.15
 LoRA 𝟎.𝟕𝟖 ± 𝟎.𝟏𝟓 𝟎.𝟕𝟖 ± 𝟎.𝟏𝟓 𝟎.𝟕𝟕 ± 𝟎.𝟏𝟒

 (d) ViT-H/14
 k-NN classifier 0.65 ± 0.16 0.65 ± 0.16 0.62 ± 0.14
 Linear Probing 0.63 ± 0.18 0.63 ± 0.18 0.60 ± 0.18
 MLP head 𝟎.𝟕𝟖 ± 𝟎.𝟎𝟖 𝟎.𝟕𝟖 ± 𝟎.𝟎𝟖 0.75 ± 0.07
 From Scratch 0.72 ± 0.17 0.72 ± 0.17 0.71 ± 0.16
 Full Fine-Tuning 0.43 ± 0.11 0.43 ± 0.11 0.43 ± 0.10
 LoRA 𝟎.𝟕𝟖 ± 𝟎.𝟏𝟓 𝟎.𝟕𝟖 ± 𝟎.𝟏𝟓 𝟎.𝟕𝟕 ± 𝟎.𝟏𝟓

dataset. However, it remained below LoRA across all architectures and 
metrics, indicating that random initialization is viable but suboptimal 
with respect to adaptation from pretrained weights.

A notable observation was the degradation in performance associ-
ated with Full Fine-Tuning. As shown in Tables 6 and 7, updating all 
network parameters resulted in a sharp decline in accuracy (e.g., 0.36
𝐴𝑖𝑚𝑔 for ViT-B/32) relative to Linear Probing (0.59).

The proposed LoRA strategy yielded the highest performance consis-
tently across all metrics and architectures. In particular, LoRA achieved 
the best, or tied-best, macro recall and macro F1-score in nearly all set-
tings, showing that its advantage was not limited to overall accuracy 
but also reflected a more balanced recognition of the three classes. As 
a confirmation, statistical comparisons through Friedman test revealed 
highly significant differences across models (e.g., Chi-squared = 29.8, 
df = 4, p < 0.001 for image-level accuracy and Chi-squared = 21.8, 
df = 4, p < 0.001 for compartment-level accuracy, with the ViT-B/32 
backbone). According to Nemenyi post-hoc test LoRA differed signifi-
cantly from k-NN classifier (p < 0.05), and from Full Fine-Tuning (p < 
0.001), but not from Linear Probing or MLP.

Analysis of the results across the four ViT variants highlighted a 
clear performance improvement when transitioning from ViT-B/32 to 
ViT-B/16. While both models share the same backbone capacity, the 
reduction in patch size from 32×32 to 16×16 resulted in a more de-
tailed spatial decomposition of the input images, enabling more detailed 
representation of stem-related visual features.
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Table 8 
Sensitivity analysis and ablation study for the LoRA rank (𝑟) and scaling factor (𝛼) over 10-fold cross-
validation. Image-level accuracy (𝐴𝑖𝑚𝑔), macro recall (𝑚𝑅𝑖𝑚𝑔), and macro F1-score (𝑚𝐹1𝑖𝑚𝑔), as well 
as compartment-level accuracy (𝐴𝑐𝑜𝑚𝑝), macro recall (𝑚𝑅𝑐𝑜𝑚𝑝), and macro F1-score (𝑚𝐹1𝑐𝑜𝑚𝑝), are 
reported. The values represent the mean ± standard deviation over the 10-fold cross-validation.

𝛼 𝑟
 Image Level  Compartment Level
𝐴𝑖𝑚𝑔 𝑚𝑅𝑖𝑚𝑔 𝑚𝐹1𝑖𝑚𝑔 𝐴𝑐𝑜𝑚𝑝 𝑚𝑅𝑐𝑜𝑚𝑝 𝑚𝐹1𝑐𝑜𝑚𝑝

16
 8  0.63 ± 0.11  0.62 ± 0.10  0.60 ± 0.13  0.73 ± 0.14  0.73 ± 0.14  0.71 ± 0.13
 16  0.66 ± 0.09  0.65 ± 0.11  0.63 ± 0.14  0.73 ± 0.11  0.73 ± 0.11  0.72 ± 0.11
 32  0.64 ± 0.08  0.63 ± 0.07  0.62 ± 0.12  0.70 ± 0.15  0.70 ± 0.15  0.68 ± 0.14

32
 16  0.67 ± 0.09  0.66 ± 0.09  0.64 ± 0.09  0.73 ± 0.13  0.73 ± 0.13  0.71 ± 0.14
 32  0.68 ± 0.08  0.66 ± 0.07  0.65 ± 0.08  0.78 ± 0.15  0.78 ± 0.15  0.78 ± 0.15
 64  0.65 ± 0.08  0.63 ± 0.07  0.62 ± 0.07  0.75 ± 0.16  0.75 ± 0.16  0.73 ± 0.16

64
 32  0.67 ± 0.08  0.66 ± 0.08  0.65 ± 0.12  0.70 ± 0.17  0.70 ± 0.17  0.69 ± 0.15
 64  0.68 ± 0.10  0.67 ± 0.07  0.66 ± 0.13  0.75 ± 0.15  0.75 ± 0.15  0.72 ± 0.16
 128  0.65 ± 0.09  0.64 ± 0.10  0.63 ± 0.11  0.73 ± 0.17  0.73 ± 0.17  0.73 ± 0.17

Under the LoRA adaptation strategy, the best results were already 
obtained with the ViT-B/32 backbone.

A targeted sensitivity analysis was then conducted on the LoRA hy-
perparameters, namely the rank 𝑟 and the scaling factor 𝛼 with ViT-
B/32 backbone. The results are reported in Table 8. The best over-
all performance was obtained for (𝛼 = 32, 𝑟 = 32), which achieved the 
strongest compartment-level results and competitive image-level perfor-
mance. More generally, the results suggested that intermediate values 
of 𝑟 and 𝛼 provide the most effective trade-off, while smaller or larger 
configurations do not yield further improvements.

4.3.  Qualitative analysis and explainability

To complement the quantitative evaluation, a detailed qualitative 
analysis was conducted focusing on the ViT-B/32 architecture. This spe-
cific backbone was selected as a representative case to examine the 
model’s behavior, error distribution, and learned representations under 
different adaptation strategies.

4.3.1.  Error analysis via confusion matrices
The confusion matrices for image-level classification are presented 

in Fig. 5, while those for compartment-level classification are shown in 
Fig. 6. The values reported in these matrices correspond to averaged raw 
counts, rather than percentages. For each cross-validation fold, a confu-
sion matrix was computed on the corresponding test set, and the final 
matrix was obtained by averaging the 10 fold-wise matrices. Therefore, 
each cell represents the mean number of samples for a given ground-
truth/predicted class combination. Given the very similar performance 
observed for the Linear Probing and MLP-head baselines, only the results 
for Linear Probing are reported.

The confusion matrices highlighted the impact of the different train-
ing strategies on class-specific performance, in line with the trends ob-
served in the accuracy metrics. The Full Fine-Tuning approach (Fig. 5c) 
exhibited the highest level of confusion, particularly for Class 2, the 
most represented class in the dataset. In this case, correct predictions 
accounted for only approximately one third of the samples, with sub-
stantial misclassifications into Class 1 (on average 11.9 images) and 
Class 3 (9.8 images). This behavior indicated that, although Full Fine-
Tuning modified the network weights extensively, it struggled to gener-
alize across the morphological features associated with stem quality.

Lower levels of confusion were observed for the k-NN (Fig. 5a) and 
Linear Probing (Fig. 5b) baselines, with correct classification rates of 
approximately 50% across all classes. The k-NN baseline performed 
slightly worse, particularly for Classes 2 and 3, where a substantial num-
ber of samples were incorrectly assigned to Class 1. On average, nearly 
one third of the images belonging to Class 3 in the test set were over-
classified as Class 1.

In contrast, the LoRA-adapted model (Fig. 5d) exhibited a strong con-
centration along the diagonal, corresponding to the highest true positive 
rates across all classes. Notably, the model also demonstrated robust per-
formance on the less represented classes (Classes 1 and 3), with limited 
confusion between distant quality categories (i.e., Class 1 vs. Class 3).

The advantages of the compartment-level aggregation strategy were 
further illustrated in Fig. 6. Compared to image-level predictions, the 
aggregated compartment-level results exhibited a clear “smoothing” ef-
fect. The relative performance ranking of the different adaptation strate-
gies was consistently emphasized. Full Fine-Tuning again showed high 
confusion, particularly for Class 2, as did k-NN, whose performance was 
especially poor for Class 1 and 3, and Linear Probing.

For the LoRA-based approach, diagonal dominance was further 
strengthened at the compartment level (Fig. 6d). Class 1 achieved a no-
tably high accuracy, with minimal confusion, while Class 3 exhibited 
substantially improved separability and an absence of extreme misclas-
sifications. Overall, strong performance was observed across all classes, 
despite the inherent class imbalance of the dataset.

4.3.2.  Explainability with score-CAM
To validate the morphological features driving the model’s predic-

tions, Score-CAM [40] attention maps were generated for the LoRA-
adapted model using the ViT-B/32 backbone (Fig. 7).

In correctly classified images (Fig. 7, left), the model consistently 
directed its attention towards the foreground stem and branching pat-
terns, the primary determinants of quality classes. This focus is consis-
tent with the class definition, which is based on the presence, size and 
distribution of branches. In contrast, misclassified samples (Fig. 7, mid-
dle and right) exhibited attention shifts toward background elements or 
environmental clutter.

4.3.3.  Feature space visualization
To further analyze the learned feature space, t-SNE [41] projections 

were computed (Fig. 8).
In this study, t-SNE was applied to the feature embeddings to assess 

the separability of the quality classes in the learned feature space. The 
progression of cluster separability across models highlighted the effec-
tiveness of the adaptation strategies. The k-NN baseline (Fig. 8a) exhib-
ited a largely overlapping distribution, indicating that the pre-trained 
features alone were insufficient to separate the quality classes. This lack 
of clear clustering suggests limited discriminative capability in the ab-
sence of domain-specific adaptation.

Linear Probing (Fig. 8b) introduced partial separation, particularly 
for Class 1, indicating some alignment between the pre-trained features 
and the target task. In contrast, the LoRA-adapted model (Fig. 8c) pro-
duced the most compact and well-separated clusters. This clear sep-
aration demonstrates that parameter-efficient adaptation successfully 
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Fig. 5. Confusion matrices comparing the performance of the ViT-B/32 backbone using different adaptation strategies on the image-level classification. Adaptation 
method compared: (a) k-NN, (b) Linear Probing, (c) Full Fine-Tuning, and (d) proposed LoRA method. The reported values represent the average over the 10 fold 
repetitions of the set test classification of each category.
Darker colors indicate a higher density of samples.

learned discriminative features specific to stem quality while preserv-
ing the semantic structure of the pre-trained ViT backbone.

5.  Discussions

5.1.  Application of vision transformers for qualitative forest classification

This study presented the application of Vision Transformers (ViTs) 
for the qualitative classification of terrestrial forest images, with the 
ultimate goal of integrating a qualitative index into the description of 
forest compartments, alongside conventional dimensional and quanti-
tative inventory metrics. The qualitative assessment focused on one of 
the key characteristics, branchiness, that broadly determines wood qual-
ity and consequently the value of the timber obtainable from the forest 
harvesting and the downstream processing. The images of the dataset 
were classified according to the number and size of branches present in 
the tree trunk and the resulting quality class was the only input for the 
training of the model.

The results demonstrated that the use of ViTs is feasible for effec-
tively classifying the forest compartments according to the quality of 

the tree stem present within them, even when operating on a relatively 
small and class-imbalanced dataset dominated by the most prevalent 
quality class in the investigated forests. Comparison with similar works 
in the literature is not possible directly, due to the absence of studies 
addressing a comparable domain. Nevertheless, studies on high resolu-
tion images collected by drone flights for weed and crop classification 
demonstrated that Vision Transformers outperformed CNN even with 
small labeled dataset [42]. In the present work, however, the model 
adaptation strategy proved to be a critical factor.

5.2.  Effectiveness of the adaptation strategy and impact of the model 
architectural size

Comparing the adaptation methods, the adoption of LoRA enabled 
high classification performance, while performance dropped with Full 
Fine Tuning. This behavior is characteristic of catastrophic forgetting 
and overfitting, which are prevalent when over-parameterized mod-
els such as Vision Transformers are fine-tuned on small-scale datasets 
(460 images in the present study) without sufficient regularization. In 
this scenario, the model likely compromised the robust pre-trained fea-
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Fig. 6. Confusion matrices comparing the performance of the ViT-B/32 backbone using different adaptation strategies on the compartment-level classification. 
Adaptation methods compared: (a) k-NN, (b) Linear Probing, (c) Full Fine-Tuning, and (d) proposed LoRA method. The reported values represent the average over 
the 10 fold repetitions of the test set classification of each category.
Darker colors indicate a higher density of samples.

Fig. 7. Score-CAM visualizations for the best-performing model (ViT-B/32 with LoRA). Warmer colors indicate regions contributing most to the prediction. The left 
panel shows a correct classification, while the middle and right panels illustrate misclassifications. Correct predictions focus on foreground tree structures, whereas 
failure cases emphasize background regions, leading to erroneous decisions.
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Fig. 8. t-SNE visualization of the feature embeddings learned by the ViT-B/32 backbone under different adaptation strategies. We compare the latent space represen-
tations for: (a) k-NN, (b) Linear Probing, and (c) our proposed LoRA method. Colors correspond to the ground-truth classes. While the baseline methods (a) and (b) 
exhibit significant overlap between classes, indicating entangled feature representations, LoRA (c) produces compact and well-separated clusters. This demonstrates 
that LoRA effectively enhances the discriminative power of the learned features.

tures in an attempt to fit the limited training samples. On the other 
hand, by optimizing a low-rank subset of parameters, LoRA success-
fully adapted the model to the specific domain of forest landscape im-
ages while preserving the generalization capability of the pre-trained
backbone.

Similarly, LoRA adaptation strategy exhibited superior efficiency 
compared to Full Fine-Tuning in previous studies on medical imagery 
classification, despite the significant lower number of trainable pa-
rameters [43]. LoRA proved to be effective also in plant health mon-
itoring, when applied to a ViT backbone pretrained on RGB remote 
sensing images and used to adapt the model to near infrared images
[35].

The results obtained by training from scratch further support this in-
terpretation. Although random initialization produced competitive per-
formance, often exceeding the frozen-feature baselines and consistently 
outperforming Full Fine-Tuning, it remained inferior to LoRA. This sug-
gests that, in the present small-data regime, a strong prior provided by 
pretrained weights is beneficial: it supports adaptation to stem-quality 
cues more effectively than learning entirely from the available target 
data, while avoiding the instability associated with updating all param-
eters.

Across the four ViT backbones analysed, performance improvements 
were primarily driven by finer input granularity rather than increased 
model capacity. Although the variants differ in both size, from Base 
(B) to Large (L) and Huge (H), and patch resolution (from 32×32 to 
16×16), baseline methods benefited only from the reduction in patch 
size (Tables 6 and 7). In contrast, scaling up to larger architectures (ViT-
L/16 and ViT-H/14) did not yield further gains.

Conversely, LoRA performance plateaued at roughly 0.69 at image-
level and 0.78 at compartment-level, indicating that accuracy is con-
strained by the limited dataset rather than by representational capacity. 
Previous studies have shown that ViT accuracy tends to improve as the 
base-model size increases [43]. In the present case, however, once a cer-
tain capacity threshold is reached, further gains in quality classification 
are more likely to result from additional training data rather than from 
architectural scaling.

From a computational standpoint, backbone choice introduces sub-
stantial trade-offs. Model size ranges from 86M parameters for ViT-B 
variants to 632M for ViT-H/14 (Table 5), yet the larger models offer 
no measurable advantage in this task, making their additional compu-
tational load unjustified.

Selecting ViT-B/32 over ViT-B/16 further reflects this balance be-
tween accuracy and efficiency. Although both share the same num-
ber of parameters, ViT-B/16 generates four times more tokens, and 
its self-attention complexity scales quadratically with sequence length, 

greatly increasing FLOPs and inference latency. Since experiments under 
LoRA showed no accuracy benefit from this higher resolution, ViT-B/32 
emerged as the most efficient architecture, offering the best accuracy-to-
cost ratio. This makes it particularly suitable for smartphone-based for-
est inventory applications, where low latency and reduced power con-
sumption are essential for real-time integration into operational work-
flows.

In practical field scenarios, inference can be executed either locally 
on the mobile device or through a hybrid architecture in which images 
are sent to the cloud for processing (the option adopted by Trestima® 
mobile application). If network connectivity is not available images 
can be temporarily stored and processed once connectivity is retrieved. 
The moderate computational requirements of the selected model ar-
chitecture make on-device inference feasible on modern smartphones 
equipped with mobile neural processing units (NPUs) or GPUs, enabling 
near-real-time predictions during data acquisition, but also the option 
cloud-based can advantage from the lower computational requirements 
offering almost real-time outputs.

5.3.  Image-level versus compartment-level classification

Across all successful experiments, Compartment-Level Accuracy con-
sistently exceeded Image-Level Accuracy. The performance gap between 
these metrics indicates that individual images within a compartment of-
ten present challenging visual conditions. However, the collective ev-
idence from multiple viewpoints enabled reliable compartment-level 
classification, which is better aligned with the operational requirements 
of forest inventory and management applications.

Looking at the confusion matrices (Figs. 5 and 6), LoRA-adapted 
model exhibited the highest classification performance. This result in-
dicated a superior ability to discriminate between stem quality grades. 
Although image-level classification exhibited a non-negligible number 
of errors, misclassifications between the most distant quality classes 
were rare. More importantly, compartment-level classification, repre-
senting the intended operational application, proved to be substantially 
more robust. By aggregating predictions across multiple images, the 
compartment-level approach mitigated the impact of individual erro-
neous predictions and provided a reliable qualitative description of for-
est stands.

Overall, strong performance was observed across all classes, despite 
the inherent class imbalance of the dataset. These results confirmed that 
majority voting at the compartment level effectively mitigated the im-
pact of noisy image-level predictions by exploiting spatial consistency 
within forest stands, thereby improving robustness and operational re-
liability.
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5.4.  Explicability

To gain insight of the features driving models’ prediction, Class Ac-
tivation Mapping (CAM) techniques [40] and t-SNE [41] were applied. 
CAM is commonly used to interpret model predictions by highlighting 
image regions that contribute most strongly to a given classification de-
cision. Although originally developed for CNN, these techniques can be 
adapted to ViTs.

t-SNE is a non-linear dimensionality reduction technique commonly 
used to visualize high-dimensional data in two or three dimensions. By 
preserving local neighborhood relationships through pairwise similarity 
modeling, it is particularly effective for analyzing the clustering behav-
ior of learned representations in deep neural networks.

Together, Score-CAM and t-SNE provided complementary local and 
global insights into the model’s behavior. The explainability analy-
sis supported the quantitative results, highlighting the superior perfor-
mance and robustness of the proposed LoRA-based adaptation strategy.

In particular, these techniques revealed how correct classifications 
were driven by the foreground items (stems and branches), while mis-
classifications occurred when the attention shifted on the background 
objects. These patterns suggest that, while the LoRA adaptation en-
hanced feature discrimination, occlusions and background complexity 
remained the primary sources of erroneous inference.

5.5.  Methodological novelty and annotation considerations

To the authors’ knowledge, no directly comparable studies are cur-
rently available, preventing direct performance comparisons with exist-
ing approaches. It is noteworthy that the reported results were achieved 
using supervised learning based solely on image-level class labels, with-
out explicit annotation of the specific visual features used for classifica-
tion (e.g., branch presence and size). While such detailed annotations 
might have further improved performance, they would have required 
significantly greater manual effort during dataset preparation.

On the other hand, while manual classification reduces annotation 
burden compared to object-level labeling, it still requires expert knowl-
edge. Semi-supervised, self-supervised, or weakly supervised learning 
paradigms could leverage large amounts of unlabeled forest imagery to 
reduce annotation effort while maintaining or improving performance. 
Contrastive pretraining or pseudo-labeling strategies may be particu-
larly effective in forestry applications, where labeled datasets are often 
limited.

6.  Limitations and future research directions

Despite the encouraging results, several limitations should be ac-
knowledged when interpreting the findings of this study.

6.1.  Dataset size and representativeness

The main limitations of the present study are related to the dataset. 
The experimental evaluation was conducted on a relatively small 
dataset. Although the use of transfer learning and parameter-efficient 
fine-tuning (LoRA) enabled stable convergence and strong performance, 
limited sample size intrinsically constrains the variability of visual con-
ditions represented during training. This may reduce the model’s ro-
bustness when deployed under substantially different illumination con-
ditions, stand densities, management regimes, or site characteristics.
In forest imagery, dense shadows caused by strong sunlight can alter 
the visibility of branches or knots on tree trunks and degrade image 
quality. In our dataset, approximately half of the analyzed images ex-
hibited pronounced shadows due to intense illumination; however, no 
specific patterns of performance degradation attributable to this factor 
were observed. Nevertheless, a dedicated analysis focusing on illumina-
tion effects could provide valuable insight.

In this context, future research should systematically investigate the 
minimum training dataset size required to achieve reliable and stable 
performance, with the aim of supporting scalable deployment in diverse 
forest conditions.

6.2.  Class imbalance

The dataset exhibited class imbalance, reflecting the natural distri-
bution of qualitative classes within the studied forest stands. While this 
improves ecological realism, it may bias the learned decision bound-
aries toward the dominant class. The approach adopted during model 
development, which maintained class balance in the test set, helped 
achieve similar accuracy across classes, although slightly lower perfor-
mance was observed for those less represented. Misclassifications be-
tween highly dissimilar classes were limited; however, performance for 
minority classes may still be sensitive to distribution shifts. Future work 
should evaluate alternative imbalance mitigation strategies, such as fo-
cal loss, class-balanced sampling, or synthetic data augmentation, to as-
sess their impact on robustness and calibration.

6.3.  Compartment-level aggregation strategy

In the present study, compartment-level predictions were obtained 
through simple majority voting over the image-level predicted labels. 
While this choice provides a straightforward and interpretable aggre-
gation scheme, it does not account for the confidence associated with 
each image-level prediction. As a result, highly confident predictions 
and uncertain predictions contribute equally to the final compartment-
level decision. Future work could investigate confidence-weighted ag-
gregation strategies, in which images associated with higher prediction 
confidence exert a stronger influence on the final compartment label. 
Such an approach may further improve robustness, particularly in the 
presence of ambiguous views or heterogeneous visual conditions within 
the same forest compartment. 

6.4.  Species-specific focus

In the absence of a standardized and widely accepted protocol for 
qualitative classification of standing trees, the adopted quality scheme 
was specifically designed for the Douglas fir stands considered in this 
study. Stem morphology, branching patterns, bark texture, and defect 
expression vary considerably across species and forest types. As a result, 
the trained model may not directly generalize to mixed stands, uneven-
aged forests, or species with markedly different architectural traits. Its 
applicability to other species and forest types therefore requires further 
validation and potential adaptation.

Extending the dataset to include multiple species, diverse stand 
structures, and geographically distinct sites would allow evaluation of 
cross-domain generalization and domain adaptation strategies. Such ex-
pansion would also support the development of more universally appli-
cable qualitative indices.

Moreover, although the visual classification was based on criteria 
designed to be as objective as possible, a certain degree of subjectivity 
cannot be entirely excluded. The potential impact of this subjectivity on 
model training and performance represents an additional aspect worthy 
of further investigation.

7.  Conclusions

This study investigated the feasibility of applying Vision Transform-
ers (ViTs) to the qualitative classification of terrestrial forest images, 
with the aim of integrating a stem quality indicator into conventional 
forest inventory descriptions. Using a dataset of smartphone-acquired 
images collected in Douglas fir forest compartments, the proposed ap-
proach classified stands according to the degree of branchiness, a key 
factor influencing timber quality and economic value.
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The results demonstrated that ViT-based models can effectively per-
form qualitative forest classification even in the presence of limited 
and class-imbalanced training data. Among the evaluated adaptation 
strategies, parameter-efficient fine-tuning through Low-Rank Adapta-
tion (LoRA) consistently outperformed full fine-tuning, highlighting the 
importance of preserving the generalization capability of the pre-trained 
backbone when operating in small-data regimes. The analysis of dif-
ferent ViT architectures further indicated that improvements in perfor-
mance were driven more by input representation granularity than by 
increased model capacity, with larger models providing limited benefits 
relative to their computational cost.

From an operational perspective, aggregating predictions at the 
forest-compartment level significantly improved classification robust-
ness compared to image-level predictions. This finding confirms the suit-
ability of the proposed approach for practical forest inventory applica-
tions, where decisions are typically made at the stand level rather than 
for individual observations.

Although further validation across larger and more diverse datasets 
is required, the proposed method demonstrates that qualitative stem 
assessment can be derived from low-cost terrestrial imagery. This ap-
proach facilitates the integration of qualitative evaluations into conven-
tional forest inventory surveys, thereby enhancing knowledge of stand 
conditions and providing valuable information to support forest man-
agement and timber utilization strategies based not only on quantity 
but also on wood quality.
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