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Abstract

Accurate identification of timber species is essential for sustainable forest management
and the prevention of illegal logging, particularly in regions such as the Peruvian Ama-
zon. This study evaluated explainable deep learning models for the classification of cedar
(Cedrela montana) and cinchona (Cinchona pubescens) using macro-images of transverse
wood sections collected in the Amazonas region of northern Peru. A dataset of wood im-
ages was expanded through a sliding-window patch extraction strategy and used to train
and compare three architectures: a custom Convolutional Neural Network (CNN), Mo-
bileNetV2, and EfficientNetB0. Model performance was assessed using accuracy, preci-
sion, recall, and Fl-score, while Gradient-weighted Class Activation Mapping (Grad-
Academic Editor: Arturo Sanches. CAM) was applied to interpret the visual regions influencing predictions. All models
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1. Introduction

Globally, forest resources constitute an essential component for ecological balance,
biodiversity conservation, and sustainable economic development [1]. Wood is one of the
most commercially traded forest products worldwide; however, illegal timber trade rep-
resents one of the major threats to forest ecosystems, significantly contributing to defor-
estation, environmental degradation, and the loss of native species [2,3]. This issue partic-
ularly affects biodiversity-rich countries, where deficiencies in monitoring and control
systems hinder the traceability and identification of forest resource origins [4]. In Latin
America, this problem is intensified by the high diversity of timber species and the limi-
tations of forest inspection and enforcement systems [5]. The region hosts species of high
commercial value that are subject to intensive exploitation, thereby increasing their vul-
nerability to illegal logging [6].

In this context, cedar (Cedrela sp.) and cinchona (Cinchona sp.) represent forest species
of high ecological, economic, and historical relevance. Cedar is highly valued in the global
timber industry due to the quality, durability, and high commercial value of its wood [7].
International reports indicate that more than 40% of species traded as cedar exhibit con-
tinuously declining populations, mainly due to selective logging and land-use change [8].
Furthermore, ecological projections estimate that suitable natural habitats for species of
the Cedrela genus could decline by up to 40.4% by the year 2100 as a consequence of de-
forestation and climate change [9]. Currently, all species within the Cedrela genus are in-
cluded in Appendix II of the Convention on International Trade in Endangered Species
(CITES) due to the risks associated with overexploitation and unregulated trade [10].

Similarly, cinchona has worldwide historical and medicinal importance as the natu-
ral source of antimalarial compounds such as quinine, which has been used for centuries
in malaria treatment [11]. The economic value derived from its bark sustains constant de-
mand driven by the pharmaceutical and beverage industries. The global quinine market
was valued at approximately USD 2.45 billion and is projected to reach USD 3.76 billion
by 2030 [12]. Nevertheless, multiple species of the Cinchona genus are currently classified
from Vulnerable to Endangered on the International Union for Conservation of Nature
(IUCN) Red List due to the degradation of Andean cloud forests caused by agricultural
expansion and extensive livestock farming [13]. In addition, distribution models estimate
that less than 8% of optimal areas with potential presence of cinchona trees are located
within Protected Natural Areas, increasing their vulnerability to deforestation and habitat
loss [14].

In this scenario, accurate identification of timber species is essential to strengthen
monitoring mechanisms and promote sustainable forest management [15]. However, this
process is still mainly performed through visual inspection based on characteristics such
as texture, color, and anatomical patterns, introducing a high degree of subjectivity and
dependence on expert knowledge [16].

In Peru, a country recognized for its megadiversity, this issue represents a significant
challenge [17]. In 2020, approximately 190,000 hectares of forest loss were recorded, rep-
resenting one of the highest figures reported in recent years and contributing to a histori-
cal reduction of nearly 4.4% of the national forest cover since 2000, equivalent to more
than 3 million hectares [18,19]. This situation directly impacts native timber species such
as cedar (Cedrela sp.) and cinchona (Cinchona sp.), which face distinct yet equally critical
threats [20].
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Cedar, considered one of the most valuable woods in the market, is subjected to in-
tense extraction pressure [21]. Peru hosts approximately 10 of the 17 cedar species existing
in the Neotropics, positioning the country as a key center of diversity [22]. However, in
2025, the illegal logging of more than 63,000 cubic meters of timber was detected nation-
wide, highlighting the magnitude of the problem [23]. Moreover, through the use of sat-
ellite monitoring and artificial intelligence, cases involving more than 10,500 m? of illegal
timber were identified within a single year [24,25].

On the other hand, the cinchona tree, a national symbol of Peru and globally recog-
nized for its historical contribution to medicine, is undergoing a silent extinction process
associated with the loss of its natural habitat [26]. It is estimated that only between 500
and 600 specimens of the original species currently remain in the wild, evidencing a criti-
cal risk of disappearance [27]. The progressive reduction of its natural populations, to-
gether with forest ecosystem fragmentation, has increased its vulnerability and threatens
its long-term conservation. Despite reforestation efforts involving the planting of thou-
sands of seedlings, the conservation of this species continues to represent a significant
challenge [28].

At the operational level, one of the main challenges in forest management lies in the
reliable identification of timber species [29]. Currently, this process heavily depends on
traditional visual inspection methods, limiting precision and hindering the implementa-
tion of efficient monitoring systems, particularly in rural and hard-to-access areas such as
the Amazonas region [30]. Another challenge involves strengthening terrestrial and riv-
erine controls to prevent the illegal transportation of timber species such as cedar. Never-
theless, these procedures still rely on physical verification of forest products and by-prod-
ucts, as well as documentation related to harvesting permits, origin, and species identifi-
cation, among other factors [31].

In response to this problem, artificial intelligence has emerged as an effective tool for
complex data analysis [32-34]. In particular, deep learning through Convolutional Neural
Networks (CNNs) has demonstrated high performance in image classification tasks, ena-
bling the detection of complex anatomical and textural patterns [35-38]. These capabilities
are especially relevant for timber species classification, where differences between classes
may be subtle [39]. Furthermore, interpretability techniques such as Gradient-weighted
Class Activation Mapping (Grad-CAM) allow the identification of image regions influenc-
ing model decisions, thereby improving transparency and reliability [40,41].

In the Amazonas region of northern Peru, where significant forest species diversity
is concentrated, the identification of woods such as cedar and cinchona is predominantly
performed manually, limiting the efficiency of monitoring and conservation processes
[42,43]. Despite the ecological and economic importance of these species, studies applying
explainable deep learning models for their automated classification remain scarce, partic-
ularly in the Peruvian Amazon. Furthermore, comparative analyses integrating both clas-
sification performance and model interpretability are still limited for native timber spe-
cies. In this regard, the development of accurate and explainable deep learning models
represents a promising alternative for supporting forest monitoring, combating illegal
logging, and promoting biodiversity conservation.

Therefore, the present study aims to evaluate and compare the performance and in-
terpretability of deep learning models (CNN, MobileNetV2, and EfficientNetB0) for the
classification of transverse wood-section images of Cedrela montana and Cinchona pubescens
using Grad-CAM as an interpretability technique. Based on this objective, the study hy-
pothesizes that deep learning models can accurately discriminate between both timber
species while providing meaningful visual explanations of their classification decisions.
The scope of this research is limited to the analysis of transverse wood-section macro-
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images collected in the Amazonas region of northern Peru and focuses on comparing clas-
sification performance and model interpretability using Grad-CAM.

2. Materials and Methods

This study was conducted to evaluate the performance and interpretability of deep
learning models for the classification of cedar (Cedrela montana) and cinchona (Cinchona
pubescens) wood images. The methodological workflow included sample collection, image
acquisition and preprocessing, model training and evaluation, and explainability analysis
using Grad-CAM.

2.1. Study Area

The samples used in the present study corresponded to images of transverse wood
sections from two native forest species: cedar (Cedrela montana) (Figure 1a) and cinchona
(Cinchona pubescens) (Figure 1b), collected from the Amazonas region in northern Peru.
The cedar samples were obtained from xylarium specimens deposited in the Gocta
Xylarium at the Universidad Nacional Toribio Rodriguez de Mendoza (UNTRM), located
in the city of Chachapoyas. This scientific collection houses reference material used in an-
atomical and taxonomic studies of forest species, ensuring the reliability of the identifica-
tion of the analyzed material.

On the other hand, the cinchona samples were obtained from tree stumps of previ-
ously harvested individuals located in a montane forest in the Shucahuala sector, belong-
ing to the peasant community of Conila, Luya district, Amazonas region. This procedure
avoided affecting living individuals, ensuring a responsible approach to sample collec-
tion. Subsequently, the material was prepared under controlled conditions in order to pre-
serve the anatomical characteristics relevant to the analysis.

(a) Cedrela montana (b) Cinchona pubescens

Figure 1. Transverse wood sections of the forest species used in the study: (a) cedar (Cedrela montana)
and (b) cinchona (Cinchona pubescens), collected from the Amazonas region. Original macro-images
were acquired using smartphone cameras at high spatial resolution prior to preprocessing and patch

extraction.

2.2. Dataset Construction and Preprocessing

The dataset used in this study consisted of images of transverse wood sections corre-
sponding to two species: cedar (Cedrela montana) and cinchona (Cinchona pubescens). Ini-
tially, the dataset included 36 cedar images and 20 cinchona images. To prevent data leak-
age, the original images were divided at the whole-image level into three subsets, training
(70%), validation (15%), and testing (15%), ensuring that patches derived from the same
image were not present across different subsets.

Additionally, to further assess model robustness and address potential concerns re-
garding performance inflation associated with patch-based dataset expansion, a five-fold
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cross-validation procedure was subsequently performed at the original image level. In
each fold, approximately 45 original images were used for training and 11 independent
images were used for testing prior to patch generation. Final image-level predictions were
obtained through majority voting across all patches extracted from each specimen. This
additional validation strategy ensured that model performance was evaluated on previ-
ously unseen specimens and provided a more reliable assessment of generalization capa-
bility.

Due to the limited size of the original dataset, a data expansion strategy based on
patch generation was implemented. Each image was segmented into sub-images of 224 x
224 pixels using a sliding-window approach with a stride of 112 pixels, corresponding to
a 50% overlap between consecutive patches. This procedure significantly increased the
dataset size and enabled the capture of local texture and anatomical structure patterns
relevant for classification. Patch generation was performed independently for each subset,
preventing bias or information transfer among the training, validation, and testing da-
tasets.

Subsequently, a balancing process based on undersampling was applied to equalize
the number of samples per class. As a result, the final balanced dataset contained 4048
image patches, with 2024 patches per species. The final distribution included 1416 patches
per class for training, 304 patches per class for validation, and 304 patches per class for
testing.

The images were resized to a standard resolution of 224 x 224 pixels according to the
input requirements of the employed architectures. Regarding preprocessing, pixel values
were rescaled to the range [0, 1] for the custom Convolutional Neural Network, whereas
the corresponding architecture-specific preprocessing function was applied for the pre-
trained MobileNetV2 and EfficientNetB0 models.

2.3. Methodological Workflow

The present study was developed using a deep learning-based approach for timber
species classification, employing both a specifically designed Convolutional Neural Net-
work (CNN) and pretrained models. The general workflow of the methodological process,
from data preparation to result interpretation, is presented in Figure 2.

. 5. Deep
1. Data PZ. D.eftas.et E3. Patc.h 4. Preprocessing st 6. Moc!el 7. Explainable
Acquisition artitioning xtraction Nl ation Models Evaluation AI Analysis
. - (Rescaling to [0,1] e
Cinchona spp. / Training (70%) / 224 x 224 pixels CistomiGNNE/ Precision / Grad-CAM

 ati o, Stride = 112 or architecture- Recall
Vaidaf'on(g;/;)/ (502/ ’ lap) specific MobileNetV2 / cha 4
esting /o, /o overlap) om -score
preprocess_input) EfficientNet

Cedrela spp.

Figure 2. Methodological flow diagram.

For the modeling stage, a sequential CNN architecture was implemented for the ex-
traction of relevant visual features from images of transverse wood sections. The network
architecture is presented in Figure 3 and includes three convolutional blocks with ReLU
activation functions, interleaved with max-pooling layers for spatial dimensionality re-
duction, followed by a global average pooling layer to condense spatial information be-
fore the classification stage. Finally, dense layers were incorporated, using a ReLU activa-
tion function in the intermediate layer and a softmax activation function in the output
layer for binary classification between the cedar and cinchona classes.
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Figure 3. Proposed Convolutional Neural Network (CNN) Architecture..

Additionally, the pretrained MobileNetV2 and EfficientNetB0 architectures were em-
ployed using weights previously learned from the ImageNet dataset. MobileNetV2 is a
lightweight convolutional neural network that utilizes depthwise separable convolutions
and inverted residual blocks to reduce computational complexity while maintaining high
classification performance. EfficientNetB0 employs a compound scaling strategy that
jointly scales network depth, width, and input resolution, providing an effective balance
between accuracy and computational efficiency. Therefore, the three architectures differ
in their feature extraction strategies: the custom CNN learns task-specific representations
directly from the training dataset, MobileNetV2 emphasizes computational efficiency
through lightweight convolutional operations, and EfficientNetBO improves feature rep-
resentation by systematically balancing network depth, width, and input resolution. For
both architectures, the original ImageNet classification head was removed (in-
clude_top=False) and replaced with a task-specific classification head consisting of a
Global Average Pooling layer, a fully connected layer with 128 neurons and ReLU activa-
tion, and a final Softmax layer with two output neurons corresponding to the target clas-
ses. During training, the convolutional base remained frozen while only the newly added
classification layers were optimized.

The training process was performed using the Adam optimizer with a learning rate
of 0.0001 and the sparse categorical cross-entropy loss function. Models were trained for
15 epochs using a batch size of 32, while classification performance was monitored
through the accuracy metric. Model parameters were iteratively updated through back-
propagation, where gradients were computed between the predicted class probabilities
and the corresponding reference labels. The objective of the optimization process was to
minimize the sparse categorical cross-entropy loss over successive training epochs.

To interpret model behavior and identify image regions influencing the classification
process, the Gradient-weighted Class Activation Mapping (Grad-CAM) technique was
applied. Grad-CAM computes the gradients of the target class score with respect to the
feature maps of the final convolutional layer. These gradients are globally averaged to
obtain importance weights, which are then combined with the corresponding feature
maps to generate a class-discriminative localization map. After applying a ReLU opera-
tion, the resulting activation map is resized and superimposed on the original image to
produce a heatmap, where warmer colors indicate regions contributing most strongly to
the model prediction.
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2.4. Computational Environment

All experiments were conducted on a personal computer equipped with a 12th Gen-
eration Intel® Core™ i7-1260P processor (2.10 GHz), 16 GB RAM, and Intel® UHD inte-
grated graphics, running Windows 11 Pro (64-bit). The models were implemented using
TensorFlow 2.20.0 and Keras 3.13.2.

The custom CNN architecture contained 110,018 trainable parameters. MobileNetV2
contained 2,422,210 total parameters, including 164,226 trainable parameters and
2,257,984 frozen parameters. EfficientNetB0 contained 4,213,797 total parameters, includ-
ing 164,226 trainable parameters and 4,049,571 frozen parameters. For MobileNetV2 and
EfficientNetBO, the pretrained convolutional layers were frozen during training, and only
the classification head was optimized (Table 1).

Table 1. Computational characteristics of the evaluated architectures.

Model Total Parameters Trainable Parameters Non-Trainable Parameters

CNN 110,018 110,018 0
MobileNetV2 2,422,210 164,226 2,257,984
EfficientNetB0 4,213,797 164,226 4,049,571

3. Results and Discussion

This section presents and discusses the results obtained from the automatic classifi-
cation of wood samples using the CNN, MobileNetV2, and EfficientNetBO models. The
performance of each architecture is evaluated based on quantitative metrics, confusion
matrices, training curves, and visual interpretability techniques such as Grad-CAM.

3.1. Classification Performance

The confusion matrices reveal high classification performance for both timber species
across the three evaluated models, with slight differences in error distribution. In the CNN
model, 303 cedar samples and 301 cinchona samples were correctly classified, with a total
of four misclassifications, including one cedar sample and three cinchona samples, indi-
cating greater difficulty in distinguishing the latter class. In contrast, MobileNetV2
achieved improved performance, with only a single misclassification in the cinchona class,
while EfficientNetB0 achieved perfect classification without errors in either class. Overall,
these results indicate that although all models exhibited high performance, the deeper
architectures demonstrated superior generalization capability (Figure 4).

CNN MobileNetVv2

300 300

250 250
cedar
200 200

F 150 150

True Label

r 100 F 100

cinchona

L 5o L 50

cedar cinchona cedar cinchona

Predicted Predicted

@) (b)
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Figure 4. Confusion matrices of the evaluated models: (a) CNN, (b) MobileNetV2, and (c) Efficient-
NetB0.

Similar results have been reported in studies on automated wood identification using
deep learning, where transfer learning-based models consistently outperformed architec-
tures trained from scratch [44,45]. The greater difficulty observed in the cinchona class
may be associated with higher anatomical variability or textural similarities with cedar, a
phenomenon previously documented in timber identification studies reporting visual
overlap among certain wood species [46]. Furthermore, the superior performance of Mo-
bileNetV2 and EfficientNetB0 highlights the capability of pretrained deep architectures to
extract more complex discriminative features and achieve better generalization, particu-
larly when training data are limited [47,48]. These findings further support the applicabil-
ity of advanced deep learning approaches for automated timber species identification,
consistent with recent studies conducted on tropical woods [49,50].

The precision, recall, and Fl-score metrics demonstrate highly consistent perfor-
mance across the three models (Table 2), with values close to or equal to 1.00 for both
classes. The CNN exhibited a slight decrease in recall for the cinchona class (0.99), indi-
cating a lower ability to completely identify this class, consistent with the confusion ma-
trix results. In contrast, MobileNetV2 improved this behavior, while EfficientNetB0
achieved perfect values across all evaluation metrics, reflecting an optimal balance be-
tween precision and sensitivity.

Table 2. Performance metrics of the evaluated models.

Model Class Precision Recall F1-Score
CNN Cedar 0.99 1.00 0.99
Cinchona 1.00 0.99 0.99
MobileNetV2 Cedar 1.00 1.00 1.00
Cinchona 1.00 0.99 1.00
EfficientNetBO Cedar 1.00 1.00 1.00
Cinchona 1.00 1.00 1.00

Similar findings have been reported in previous studies, where deep learning models
achieved performance values ranging from 99% to 100% in both wood classification and
agricultural applications. In particular, CNN ensembles have been reported to achieve up
to 100% accuracy in timber species classification [51], while architectures such as Efficient-
Net and MobileNet have exceeded 99% accuracy in crop disease detection tasks [52-54].
Overall, the present results confirm the effectiveness of pretrained models in capturing
complex discriminative patterns and achieving robust classification performance.
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Nevertheless, performance values approaching 100% may also be influenced by factors
such as dataset composition and the patch-based extraction strategy employed in this
study.

The evolution of accuracy and loss during training (Figure 5) demonstrates a stable
learning process across the three evaluated models. In terms of accuracy, EfficientNetB0
and MobileNetV2 rapidly achieved values close to 1.00 during the early epochs and main-
tained stable trajectories throughout training, indicating fast convergence and a strong
ability to capture discriminative patterns. In contrast, the CNN exhibited greater variabil-
ity during the initial training phase, with progressive improvements until stabilizing
around 0.99, suggesting a slower learning process compared to the pretrained models.

Regarding the loss function, a consistent decrease was observed across all three mod-
els, particularly during the initial training epochs. EfficientNetBO and MobileNetV2
reached near-zero loss values more rapidly, reflecting more efficient optimization during
learning. Conversely, the CNN maintained slightly higher loss values for a greater num-
ber of epochs, a behavior associated with its lower architectural depth and the absence of
pretraining.

Similar behavior has been reported in previous studies [55,56], where transfer learn-
ing-based models exhibited faster and more stable convergence due to their ability to re-
use features previously learned from large-scale datasets. EfficientNet has been shown to
achieve an effective balance between classification performance and computational effi-
ciency through its compound scaling strategy [57], whereas MobileNetV2 maintains high
performance with reduced computational complexity owing to the use of depthwise sep-
arable convolutions [58]. In contrast, CNNs trained from scratch generally require larger
datasets and additional training epochs to achieve comparable levels of stability and gen-
eralization [59]. In the context of classifying macro-images of cedar (Cedrela montana) and
cinchona (Cinchona pubescens) wood, the present findings indicate that pretrained models
provide more efficient representations of anatomical and textural features, resulting in
improved classification accuracy and training stability.

Accuracy Comparison Loss Comparison

1.00 4 —— CNN
MobileNet

— EfficientNet

— —_— 0.30 1
0.25 4
0.98

0.20 4

]
q 0154
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0.94 4 0104

0.05 4
= CNN
0.92 4 MobileNet
—— EfficientNet —

0.00 4

=)
]
&
(=]
o
=
[x]
I

0 2 4 6 B8 10 12 14

Figure 5. Evolution of the training metrics for the evaluated models: (a) Accuracy and (b) loss.

The comparison between the training and validation curves reveals consistent behav-
ior across the three models, with no significant discrepancies between the two datasets
(Figure 6). In terms of accuracy, EfficientNetB0 and MobileNetV2 maintained nearly iden-
tical values during both training and validation, indicating strong generalization capabil-
ity. Although the CNN exhibited slight variations during the early epochs, it progres-
sively converged toward a stable learning pattern. The absence of pronounced divergence
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between the curves suggests that overfitting did not occur, indicating that the models
learned representative features that remained consistent when evaluated on unseen sam-

ples.
Train vs Validation Accuracy Train vs Validation Loss
1.00 4 — \ === CNN Train
A7 \ CNN Val
2 // 054 | --- MobileNet Train
o s —— MobileNet Val
0954 \
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Figure 6. Training and validation curves of the evaluated models: (a) Accuracy and (b) Loss.

Overall, these results confirm the effectiveness of the training strategy and demon-
strate that all models achieved good generalization performance, with greater consistency
observed in the pretrained architectures. Similar findings have been reported in previous
studies [60-62], where the close agreement between training and validation curves was
identified as an indicator of reduced overfitting and robust generalization capability in
image classification tasks.

3.2. Statistical Validation of Model Performance

To further assess the robustness and generalization capability of the proposed deep
learning models, a five-fold cross-validation procedure was performed at the original im-
age level rather than at the patch level. The dataset consisted of 56 independent wood
macro-images (36 Cedrela and 20 Cinchona specimens). In each fold, approximately 45
original images were used for training and 11 independent images were used for testing.
Final image-level predictions were obtained through majority voting across all patches
extracted from each specimen. This strategy prevented information leakage between folds
and ensured that the reported performance reflected the ability of the models to generalize
to unseen specimens rather than to individual image patches.

The cross-validation results demonstrated highly consistent performance across all
evaluated architectures. CNN, MobileNetV2, and EfficientNetB0 achieved perfect image-
level classification accuracy in all five folds, resulting in a mean accuracy of 1.000 with
zero standard deviation. Likewise, the corresponding confidence intervals collapsed to
[1.000, 1.000] for all models due to the absence of variability across folds, indicating com-
plete consistency across the evaluated partitions.

Table 3 summarizes the image-level cross-validation results obtained for the three
architectures.

Table 3. Five-fold cross-validation results at image level.

Model Fold1 Fold2 Fold3 Fold4 Fold5 Mean + Std 95% CI

CNN 1.000 1.000 1.000 1.000 1.000 1.000+0.000 [1.000, 1.000]
MobileNetV2 1.000 1.000 1.000 1.000 1.000 1.000+0.000 [1.000, 1.000]
EfficientNetBO 1.000 1.000 1.000 1.000 1.000 1.000+0.000 [1.000, 1.000]
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Note: Five-fold cross-validation was performed at the original image level (n = 56 images). Final
image-level predictions were obtained through majority voting across all patches extracted from

each specimen.

Because all three models achieved identical accuracies across the five folds, no rank-
ing differences were observed among architectures. Consequently, statistical comparison
using the Friedman test was not informative, as the absence of performance variability
resulted in equivalent rankings for all models under the present experimental conditions.

The perfect classification performance observed during image-level cross-validation
indicates that the evaluated architectures successfully captured discriminative anatomical
and textural features of Cedrela and Cinchona wood specimens. Nevertheless, these re-
sults should be interpreted with caution due to the limited number of independent spec-
imens available in the original dataset (n = 56). Although the patch extraction strategy
substantially increased the number of training samples, it did not increase the number of
biologically independent wood specimens.

The sliding-window procedure generated multiple overlapping patches from each
macro-image, allowing the models to learn local anatomical structures and texture pat-
terns more effectively. However, patches originating from the same specimen may still
share highly similar visual characteristics. Consequently, the effective diversity of the da-
taset may be lower than suggested by the total number of generated patches. Therefore,
part of the observed classification performance may be influenced by the relatively homo-
geneous nature of the available specimens and by the patch-based expansion strategy.

To address this concern, an additional five-fold cross-validation procedure was con-
ducted at the original image level. Complete macro-images were assigned to training and
testing subsets before patch extraction, ensuring that patches derived from the same spec-
imen never appeared in both subsets simultaneously. Furthermore, final specimen-level
predictions were obtained through majority voting across all patches extracted from each
image. The consistent performance observed across all folds provides additional evidence
that the models learned discriminative features that generalized to previously unseen
specimens within the available dataset.

Despite these encouraging results, the limited number of independent wood samples
remains an important limitation of the present study. Future research should include
larger collections of specimens from different geographical regions, environmental condi-
tions, tree ages, and additional species, as well as external validation datasets, to further
assess the robustness and generalizability of the proposed approach under real-world for-
estry conditions.

Therefore, the subsequent analysis focuses on Grad-CAM visualizations to further
investigate how the evaluated models identify relevant anatomical and textural features
during the classification process.

Figure 7 presents the activation maps generated using Grad-CAM for the CNN, Mo-
bileNetV2, and EfficientNetB0 models applied to the classification of macro-images of cin-
chona and cedar wood. The results reveal important differences in the manner in which
each architecture identifies and prioritizes relevant visual features during the classifica-
tion process. In the case of EfficientNetBO and MobileNetV2, the activations are distrib-
uted more broadly across different regions of the image, indicating that the models gen-
erate a more global representation of the textural and anatomical patterns present in the
wood. Similar behavior has been reported in previous studies [63,64], which showed that
transfer learning-based architectures tend to produce more generalized feature represen-
tations by reusing features previously learned from large-scale datasets, thereby enhanc-
ing model stability and generalization capability.
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Figure 7. Grad-CAM visualizations of the evaluated models: (a) CNN, (b) MobileNetV2, and (c)
EfficientNetBO.

In contrast, the CNN produced more focused and visually defined activation maps
over specific texture regions, enabling a clearer distinction of grain patterns, fibers, and
anatomical variations present in the cinchona and cedar samples. Unlike the pretrained
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models, the CNN activations demonstrated more localized attention toward fine surface
features of the wood, suggesting that the model developed a more specific representation
of the discriminative characteristics of each forest species. This difference can be explained
by the underlying learning strategies of the evaluated architectures. MobileNetV2 and Ef-
ficientNetB0 were initialized with ImageNet-pretrained weights, which promote the ex-
traction of generalized and globally distributed visual features learned from large-scale
image datasets. In contrast, the custom CNN was trained exclusively on the wood image
dataset, allowing it to develop more specialized feature detectors focused on local ana-
tomical and textural characteristics. Consequently, the pretrained models tended to pro-
duce broader activation patterns, whereas the CNN generated more concentrated and vis-
ually interpretable attention regions. This behavior is particularly relevant because it pro-
vides a more interpretable visualization of the model’s decision-making process, which is
a fundamental aspect of explainable artificial intelligence (XAI). Similar observations have
been reported in previous studies [65-67], where CNNs trained from scratch exhibited
greater sensitivity to local patterns and textural details in specialized visual classification
tasks.

Although EfficientNetBO and MobileNetV2 achieved superior classification perfor-
mance and faster convergence during training, their Grad-CAM maps exhibited more dif-
fuse and spatially less specific activations. This suggests that these models prioritize
global representation patterns rather than specific anatomical details. In contrast, despite
presenting a slower learning process and slight variations during training, the CNN was
able to highlight anatomically meaningful regions that were more interpretable from a
human visual perspective. This finding represents an important contribution of the pre-
sent study, demonstrating that higher predictive performance does not necessarily imply
greater visual interpretability.

Recent studies have emphasized that the evaluation of computer vision models
should not be limited to accuracy metrics alone but should also consider the interpretabil-
ity of attention maps and the ability of models to identify semantically meaningful regions
[68,69].

Finally, the obtained results demonstrate that Grad-CAM effectively verified that the
evaluated models based their classifications on relevant anatomical and textural wood
patterns rather than on noise or irrelevant image regions. From an applied perspective,
these findings reinforce the potential of explainable artificial intelligence for the auto-
mated recognition of forest species, contributing not only to improved classification accu-
racy but also to enhanced transparency and reliability in forestry monitoring, timber trace-
ability, and biodiversity conservation applications.

It is important to note that the proposed methodology is based on transverse wood-
section images and is therefore primarily intended for laboratory-based wood identifica-
tion, xylarium collections, timber traceability systems, and forensic verification of har-
vested timber. Consequently, the current approach is not designed for the direct identifi-
cation of standing living trees, where obtaining transverse wood sections is not feasible.
Future research should explore the integration of non-destructive imaging technologies
and portable acquisition systems to extend the applicability of deep learning-based spe-
cies identification to in situ forest monitoring and forest inventory applications.

4. Conclusions

This study demonstrated the feasibility of combining deep learning and explainable
artificial intelligence for the automated identification of cedar (Cedrela montana) and cin-
chona (Cinchona pubescens) wood species using transverse macro-images collected in the
northern Peruvian Amazon. The evaluated architectures successfully captured discrimi-
native anatomical and textural features, achieving highly accurate classification
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performance and confirming the potential of computer vision techniques as a complemen-
tary tool for wood identification and forestry monitoring.

Beyond predictive performance, the integration of Grad-CAM provided valuable in-
sights into the decision-making process of the models. While the pretrained architectures
achieved the highest classification accuracy, the custom CNN produced more localized
and visually interpretable activation patterns. These findings highlight the importance of
considering both predictive capability and explainability when developing artificial intel-
ligence systems for forestry applications, where transparency and trustworthiness are es-
sential for practical adoption.

Unlike conventional deep learning approaches, explainable deep learning incorpo-
rates interpretation mechanisms that allow visualization of the image regions contributing
to model predictions. This additional level of transparency facilitates model validation,
improves user trust, and supports decision-making in practical forestry applications.

The additional image-level cross-validation analysis further supported the robust-
ness of the proposed approach by demonstrating consistent classification performance
across independent specimen partitions. This result suggests that the evaluated models
learned meaningful anatomical and textural representations associated with the studied
species rather than relying solely on patch-specific patterns.

Despite these promising findings, several limitations should be acknowledged. The
study was restricted to 56 independent wood specimens belonging to only two forest taxa.
Although patch-based expansion increased the number of training samples, it did not in-
crease the number of biologically independent specimens. Furthermore, extending the
methodology to additional species may introduce greater anatomical complexity and in-
terspecific similarity, particularly in characteristics such as vessel distribution, fiber ar-
rangement, growth-ring boundaries, and parenchyma patterns. Variations associated
with tree age, environmental conditions, geographical origin, surface preparation, illumi-
nation, image acquisition procedures, and the presence of wood defects such as decay,
cracks, knots, or biological deterioration may also influence classification performance un-
der real-world conditions.

Future research should therefore incorporate larger and more diverse collections of
wood specimens, additional forest species, and external validation datasets to further as-
sess model generalization. Moreover, the integration of advanced explainability tech-
niques and multimodal wood characterization approaches may contribute to the devel-
opment of more robust, transparent, and operationally applicable systems for timber
traceability, biodiversity conservation, and the prevention of illegal logging.
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