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A. Introduction

Flowers are essential for human life as they are used in food chain, aromatics,
cosmetics, ecological balance and decoration and also provide habitat for many
insect pollinators. Many flowers also have medicinal importance [1] as they are
abundant sources of bioactive compounds which play a significant role in human
metabolism [2]. Some flowers are poisonous, however, proper identification is
necessary to assure their safe use in food and medicine.

Beyond its practical uses, an in-depth knowledge of the species of flowers is
essential for the conservation of biodiversity. Flower classification has become
more important as the number of species with diverse types of flowers grows and
with the increasing importance of horticulture in the society due to the
improvement in the standard of living. The traditional method of floral species
identification is done visually, but because of the similarity in floral shape and
color among species, this method is often inefficient and inaccurate. Furthermore,
manual identification is time-consuming and is still difficult even for professional
botanists.

Most of the traditional machine learning methods used to classify flowers need
to represent the raw images in a particular format before the handcrafted features
like color, shape and texture can be extracted from the images [3]. The methods
rely heavily on input image properties, making them sensitive to the properties of
the input image sets and sensitive to the generalizability of the methods across
data sets.

In contrast, deep learning approaches, especially Convolutional Neural
Networks (CNNs), have great potential to learn the hierarchical representations of
visual patterns automatically, such as the texture and edge-level features [4]. In
recent years, Vision Transformers (ViTs) have also become a promising paradigm
that uses global multi-head self-attention mechanisms to represent long-range
contextual dependence over an entire image.

These advances have not solved all the problems encountered in fine-grained
flower classification in the real world, however, as in some cases the distinct
species are so similar that they share virtually identical color tones and layered
petal structures, referred to as extreme inter-class similarity, and in others, there is
variation in the flowers of the same species. Purely convolutional architectures
tend to have a narrow receptive field, not being able to capture the global spatial
relationships, while standalone Vision Transformers, which are difficult to train
without massive datasets, lack local inductive biases. In addition, most of the
publicly available flower data base is geographically restricted, and very few of
them include the vast floral diversity found in certain ecological regions such as
the Kurdistan Region of Iraq, where there are lots of flowers with unique cultural,
ecological and medicinal values.

To overcome these limitations, this paper introduces a new, symmetrical dual-
stream hybrid architecture that combines the advantages of CNNs and Vision
Transformers. The framework consists of a pre-trained EfficientNet-B4 backbone
for extracting the texture and color gradient at localized locations, and a ViT-Small
stream for extracting global structural patterns. Instead of the naive feature
concatenation, we propose a Bidirectional Cross-Attention Fusion mechanism that
allows structured and continuous information to flow between the two streams,
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enabling each stream to selectively attend to and enhance the other's

representations.

This work makes the following major contributions:

e Novel Hybrid Dual-Stream Architecture: We propose a symmetric architecture
which well connects the local inductive bias and the global contextual
modelling, namely, combining the EfficientNet-B4 and ViT-Small.

e Bidirectional Cross-Attention Fusion: We propose a sophisticated multi-head
cross-attention module which enables parallel, symmetric feature query
between the convolutional stream and the transformer stream, ensuring the
best feature interaction before classification.

e Regional Floral Data Set Construction: We introduce a carefully curated and
class balanced data set of 3500 images of 35 species dedicated to Kurdistan
Region of Iraq flora for regional ecological monitoring and smart agriculture.

e Superior Performance and Convergence: Proposed model achieves state of the
art mean accuracy of 98.71% which is better than Swin Transformer,
ResNet50, InceptionV3, DenseNet201, MobileNetV2, with significantly lesser
training convergence time (average of just 12.8 epochs).

Related works in flower classification using machine learning and deep
learning methods are reviewed in Section 2. Section 3 outlines the procedure for
constructing the dataset, the data augmentation pipeline, and the mathematical
implementation of the proposed hybrid dual-stream architecture. Section 3
explains the procedure followed in creating the dataset, data augmentation
pipeline, and the mathematical implementation of the proposed hybrid dual-
stream architecture. The experimental setup, evaluation metrics, statistical
verification and empirical results are presented in Section 4. In Section 5, a
detailed discussion of the results is provided and the methods are compared with
current state-of-the-art approaches. Finally, Section 6 summarizes the paper and
outlines directions for future research.

B. Literature Review

The classification of flowers has become an important research field in
computer vision for several applications, such as, biodiversification conservation,
agricultural use, and plant phenotyping. It is an interesting task due to the delicate
differences in colour, texture and form between different flower species. Initial
strategies were based on manually designed features and on traditional classifiers
like Support Vector Machines (SVM) and Decision Trees. These strategies
successfully had some degree of success, but they struggled to generalize to
complex data sets.

Recent improvements in deep learning techniques have made the CNN the
most popular method for flower classification. CNN-based models like InceptionV3,
DenseNet121, VGG16 and MobileNetV2 have proven to be effective because they
are able to learn local spatial information like edges, textures and color
distributions. For example, DenseNet121 gives an accuracy of 98.6% on Oxford
102 Flower Dataset [8] and high results have been achieved by [10] using VGG16
with transfer learning. Likewise, [11] evaluated several architectures and showed
competitiveness based on the optimizer. The studies validate the suitability of
CNNs for learning discriminative local features in fine-grained classification tasks.
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There are also a few works that have expanded CNN-based methods with
hybridization and optimization. In [5] InceptionV3 was fused with SVM and
evolutionary algorithms for feature selection and the classification accuracy was
improved. Furthermore, [6] introduced an optimized DL architecture for
improvement in efficiency and performance. Multimodal data is also explored with
other studies combining visual and textual information [9] or combining RGB and
depth images [13] which showed that adding complementary information sources
greatly improves classification accuracy.

Although these advances have been made, CNN-based models have their
inherent limitations of modelling long-range dependency and global relationships
in images. To overcome this limitation, a new paradigm of network has been
recently proposed: Vision Transformers (ViTs). ViT models are different from
CNNs in their use of self-attention mechanisms that capture global relationships
among image patches, allowing them to better capture the structure of the image.
This makes them very well suitable for fine-grained classification problems that
require a strong global context. On the other hand, ViTs tend to need huge
numbers of images and are not effective at discerning local details as well as CNNs.

Recent studies have been directed to the hybrid CNN-Transformer
architectures to take advantage of both methods. These models are a fusion of the
local feature extraction power of CNNs and global context modelling power of
Transformers. These hybrid methods have been found to be effective in multiple
image classification scenarios, as they offer a combination of local and global
features. There are, however, many current hybrid approaches that use basic
feature fusion techniques, such as concatenation or averaging, which may not be
effective at fully utilizing the complementary information provided by the two
feature types.

In order to address this, attention-based fusion mechanisms, such as cross-
attention, have been investigated. Cross-attention allows for interaction between
different feature representations since one feature space can pay attention to
another feature space. This makes for more efficient fusion of features than
conventional fusion. Bidirectional cross-attention enables the CNN and
Transformer features to share information from each other, which helps the model
to learn both local and global features well.

Besides architectural improvement, different data sets have been employed to
test flower classification systems. The Oxford 102 Flower Dataset has been one of
the most predominantly used datasets, for instance, [7] attained high detection and
classification performance with NAS-FPN and Faster R-CNN. The deep learning
models can also be applied in different environments, as indicated by other
datasets such as the Kaggle flower dataset [10] and region-specific datasets like
the Kurdistan flower dataset [14]. Furthermore, these methods are not limited to
just flower detection; they have been adapted for other special applications like the
detection of chili flowers [15] and tracking cotton flowering [16], which further
demonstrates their wide applicability in agricultural automation and plant
monitoring.

In general, the literature shows a clear evolution from the basic machine
learning techniques to complex deep learning architectures. CNN-based models
have achieved great performance in learning local features, while Transformers
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have shown good performance in learning global representations, but current
methods are not able to integrate both well. Thus, it is necessary to develop models
that are able to integrate these complementary strengths using more complex
fusion mechanisms. Given these challenges, a hybrid architecture with a
bidirectional cross-attention module between CNN features extracted by
EfficientNet and the representations from Vision Transformer is proposed to
facilitate the interaction of features and enhance the flower classification accuracy.

C. Methods and Materials
C.1. Dataset Preparation

To facilitate flower recognition research with a direct focus on the flora of the
Kurdistan Region of Iraq, a specialized dataset was constructed. This
comprehensive collection totals 3,500 images, spanning 35 distinct flower classes,
all of which are found in the region's natural environment.

The dataset was compiled by combining samples from multiple sources. The
process began with the creation of a Custom Flower Image Dataset (CFID) [14],
which comprised 23 classes of native and regionally significant flowers. To ensure
a clean and consistent starting point for machine learning, the CFID contained 50
high-resolution images per class, all photographed from above with the flower
isolated against a plain white background.

To expand this initial collection and standardize each class to 100 images, the
dataset was supplemented with images from the Oxford 17 [17] and Oxford 102
datasets [18]. However, a key challenge with these external sources was the
variability in image composition, which often included whole plants, complex
backgrounds, or multiple flowers. To maintain data quality, a meticulous cleaning
process was undertaken to remove these unsuitable images.

When a class still had insufficient samples, additional images were collected
via Google Search. This method was also used to introduce several entirely new
classes, ensuring the final dataset covered all 35 flower species found in the region.

The final dataset, with its 100 images per class, effectively mitigates class
imbalance issues. It includes a variety of compositions, from isolated flowers to full
plants, captured under different lighting and angles. This curated collection is
specifically designed to support robust deep learning models for flower
recognition, with applications in smart farming, biodiversity monitoring, and
regional ecological studies within the Kurdistan Region of Iragq.

The final dataset was meticulously compiled from several sources to represent
the flora of the Kurdistan Region of Iraq. For a detailed breakdown of the number
of classes and images contributed by each source, see Table 1. This compilation
resulted in a total of 3,500 images spanning 35 classes, with each class
standardized to 100 images to mitigate class imbalance.

Figure 1 Several flower classes in the dataset exhibit strong visual similarity,
which likely contributes to misclassification during image recognition. For
instance, Rose, Garden rose, Camella jap, and Shrub rose all share similar red or
pink tones and layered petal structures, making them difficult to distinguish based
solely on shape and color. Likewise, Marigold, Chrysanthemum, and Dandelion
feature dense, rounded yellow blossoms that can confuse models relying primarily
on texture and hue. Additionally, Homestead purple, Zrizana, and Osteospermum
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possess overlapping symmetrical purple petals, increasing the likelihood of cross
class predictions. These visual similarities are reflected in the confusion matrix and
highlight the need for fine grained feature extraction in floral classification tasks.

The dataset integrates classes and images from the Oxford 17 and Oxford 102
Flower Datasets, a Custom Flower Image Dataset (CFID) representing regionally
significant species, and additional images collected via Google Search. The final
balanced dataset contains 3,500 images distributed evenly across 35 classes to
support robust model training and evaluation.

Table 1. Composition of the combined flower image dataset used in this study. The
dataset integrates classes and images from the Oxford 17 and Oxford 102 Flower
Datasets, a Custom Flower Image Dataset (CFID) representing regionally
significant species, and additional images collected via Google Search. The final
balanced dataset contains 3,500 images distributed evenly across 35 classes to
support robust model training and evaluation.

Dataset name Number of classes to from Number of images
Oxford 17 4 288
Oxford 102 3 992
Custom Flower Image 23 1150
Dataset (CFID)
Google 5 1070
Total 35 class 3500 image (100 image per class)

Bougainvillea Camella jap Crown Imperial

~

Dandelion Dianthus Homestead prple

L W
Lavender Lemon Peel black eye ily Marigold

Milk thistle  Mirabilis jalapa Moss rose purslane Narcissus

Osteospermum

Poppy Rose Rose mallow Shrub_rose  Southern globe thistle Zrizana

Figure 1. Sample images of the 35 flower classes used in the dataset, illustrating
the diversity in color, shape, and petal structure. Each flower is labeled with its
common name for reference
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C.2. Data Augmentation Strategy

In order to diversify the representative power of the proposed hybrid model
that consists of EfficientNet-B4 and ViT/small architecture and help mitigate the
risk of overfitting on the dataset, a comprehensive multi-stage data augmentation
pipeline was adopted.

All training images were scaled down to 256 x 256 pixels and then randomly
cropped to the desired resolution of 224 x 224. Random horizontal flipping (p =
0.5), random vertical flipping (p = 0.2), random rotation within the range of -20 to
+20 and random affine transformation that consisted of translation of up to +5 to -
5 percent of image dimension and isotropic scaling of image dimension within the
range of [0.9, 1.1]. Photometric perturbations included colour jitter of brightness
and contrast of 0.4, saturation of 0.3 and hue of 0.1. Random erasing [19] followed
the process of normalisation of tensors with an occurrence probability of 0.25 and
a ratio of erased area sampled in [0.02, 0.15]. All images were normalised using
ImageNet channel statistics (mean = [0.485, 0.456, 0.406]; standard deviation =
[0.229, 0.224, 0.225]). The validation images were downsampled to 224 x 224
directly without stochastic modification.

To further enhance smoothness of decision boundaries and reduce
overconfident predictions, stochastic sample-pair augmentation was further
applied at the batch level as it has been previously done. At the start of each
training epoch, one of three augmentation modes was picked randomly: Mixup
[20] with probability 0.35, CutMix [21] with probability 0.35, or no augmentation
with probability 0.30. Under Mixup, two training images are mixed by a convex
linear interpolation using mixing coefficient A sampled under a Beta distribution
(alpha = 0.4), resulting in a soft composite label that is proportional to 1/ 1. In
CutMix, a rectangular block of the image is replaced with the corresponding block
on the second image (a = 1.0), with the label mixing ratio adjusted to reflect the
actual pixel-level proportion. The training loss is calculated in both situations as a
convex combination of the cross-entropy losses with respect to the two source
labels, weighted by A.

C.3. Proposed Architecture

The model proposed implements a dual-stream design that simultaneously
uses convolutional and self-attention-based representations. Convolutional neural
networks are good at capturing local texture, edge-level features, through spatial
filtering at a hierarchical level [22], whereas vision transformers (ViTs) leverage
global multi-head self-attention to model long-range contextual dependencies
across the whole image [23]. One of the fundamental weaknesses of purely
convolutional architectures is that, when not pretrained, they inherently favor
locality, meaning that they can only learn useful spatial inductive biases when very
deep stacks of layers are used; conversely, ViTs require large amounts of training
data to learn useful spatial inductive biases when trained from scratch [24]. The
proposed hybrid architecture mitigates both limitations and integrates the
complementary advantages of the two paradigms using a cross-attention fusion
mechanism as shown in Figure 2.
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[ Output Logits ]

Figure 2. Schematic architecture of the proposed hybrid dual-stream model
featuring bidirectional cross-attention fusion between EfficientNet-B4 and ViT-
Small

C.3.1. Convolutional Stream: EfficientNet-B4

The convolutional backbone used was EfficientNet-B4 [25] that was trained on
ImageNet-1K. EfficientNet uses a principled compound scaling strategy, which
uniformly scales network depth, width and input resolution based on a fixed set of
coefficients obtained via neural architecture search, and resulting in better
accuracy-to-parameter-count trade-offs than do architectures scale along a single
dimension [25]. The B4 variant was chosen because it provides a good tradeoff
between representational and computational cost at the 224 x 224 input
resolution. The average global pooled output of EfficientNet-B4 results in a 1,792-
dimensional feature vector representing information about spatially localised
texture and colour gradient information.

C.3.2 Transformer Stream: ViT-Small/16

The second stream used ViT-Small patch size 16 (ViT-S/16) [24], also pre-trained
on ImageNet-1K. The input image is tiled with a series of non-overlapping 16 x 16
pixel patches linearly projected to a 384-dimensional embedding. A learnable
classification token is added to the patch sequence and processed together through
twelve layers of transformer encoder through multi-head self-attention and feed-
forward sub-networks. The extracted final classification token representation,
which is obtained through global pooling of the classification and token
representations, gives a 384-dimensional global context vector that encodes
structural and relational information in spatially distant regions of images. ViT-
Small was selected instead of the larger version ViT-Base because the risk of
overfitting is high due to the moderate size of the training set.

C.3.3 Projection to Shared Embedding Space
To allow cross-modal interaction, both stream outputs were independently
projected to a common embedding space of dimension 512 through learned linear
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transformations and Layer normalisation [26] and GELU activation [27]. This
projection guarantees that both representations are in a common metric space of
equal dimensionality, a condition necessary to meaningfully compute cross-stream
attention between the two representations. The projection weights are learnable

in full, and are trained at the full base learning rate together with the classification
head.

C.3.4. Bidirectional Cross-Attention Fusion

To allow the exchange of structured information between the two streams before
fusion, a bidirectional cross-attention module was proposed. Instead of combining
representations by simply concatenating or adding the elements of the two
modalities, which treats the two modalities as totally independent, cross-attention
allows each stream to selectively attend the other, weighting its contribution based
on learned query-key compatibility scores. Such a design is inspired by the fact
that local convolutional features and global transformer features carry
complementary information that can not be summed out by either stream; explicit
cross-modal attention provides a principled process of selective feature sharing
before fusion. Theoretically, the module is based on scaled dot-product attention
[28]. Assuming a query matrix Q and a key matrix K, as well as a value matrix V, the
attention weighted output is computed as:

Attention(Q, K, V) = softmax( QKT /~[d, ) -V (1)

where dy is the per-head key dimensionality and the factor 1/vdy is to stabilise the
gradients by ensuring that dot products do not become large in magnitude [29]. In
the suggested implementation, the shared embedding dimension is d = 512 and the
number of attention heads is h = 8, yielding d_h =d / h = 64 dimensions per head. A
dropout of attention of 0.1 is implemented in each of the heads at any given time
during training in order to regularise the learned attention weights. The number of
heads h = 8 follows the standard multi-head configuration established in the
literature [28]) that ensures adequate distribution of attention across the feature
space without any unnecessary computational overhead.

Two different multi-head attention (MHA) processes are calculated
simultaneously. In the former the query is the projected EfficientNet-B4
representation e, € R**? as key and value:

€. = MHA(Q = e, K =¢e,V = e,) (2)
This step adds local convolutional details of EfficientNet-B4 with global structural
context supplied by the ViT stream. The roles are swapped in the second
operation: e, serves as the query, taking care of e, as the key and value:

g, = MHA(Q =e, K =¢e, V =g, (3)

This latter operation provides a concrete local texture evidence of the
convolutional stream to provide the global representation of the transformer. Each
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attended output undergoes residual connections and Layer Normalisation,
resulting in the final cross-attended representations:

. = LayerNorm( &, + e.) (4)
. = LayerNorm(é, + e.) (5)

[Tl o

The residual connections maintain the original stream representations and
avoid the degradation of gradient during the back-propagation, and Layer
Normalisation stabilizes the distribution of activations along the feature
dimension. Resulting attended representations E., E, € R°'? now contain enriched
cross-modal information on the verge of fusion. Its two-way, symmetric design is
important because it means that both streams equally benefit as a result of cross-
modal context [30] which is not guaranteed by unidirectional cross-attention
schemes in which only one stream is allowed to query the other [31].

C.3.5. Classification Head

The fused features are concatenated into a 1024-dimensional vector and fed into a
multi-layer perceptron (MLP) head. This head is made up of two fully connected
layers with GELU activation as well as a Dropout rate of 0.4 to further reduce
overfitting. The last layer uses a Softmax to give the probability distribution over
the 35 flower classes.

C.4. Training Strategy and Experimental Setup

We adopted a stratified 5-fold cross-validation scheme to ensure a solid
assessment of the suggested hybrid model as well as to limit bias. The dataset was
divided into five different subsets, in which each fold retained the original
distribution of classes. In each iteration, four folds were used to train and the rest
was used as the validation set. This was done five times and the final performance
measurements were computed as the mean and standard deviation of the
performance in all the folds.

C.4.1. Optimization and Learning Rate Schedule

The AdamW optimizer with a learning rate of 2 x 10™* and a batch size of 16 was
used to optimize the model. The training epochs were made stable with a linear
warmup phase in the first 10% of the training epochs (warmup ratio = 0.1),
followed by a cosine annealing schedule to decay the learning rate. This means that
the model will converge smoothly with the learning rate slowly increasing at the
beginning and decreasing as the model approaches an optimal solution.

C.4.2. Regularization and Convergence

Since it utilizes pretrained backbones (ImageNet-1k) the maximum number of
epochs was set to a limit of 30 epochs because in a transfer learning setup the
number of epochs needed to reach convergence is usually significantly fewer than
30 epochs. To further address overfitting and maximize the use of computational
resources, an early stopping mechanism was combined with a patience of 6
epochs; training was stopped in case the validation accuracy did not improve in 6
consecutive cycles. This was to make sure that the final weights were the highest
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generalization state of the model before some possible performance degradation.
All the experiments were carried out using a high-performance desktop
workstation with the Windows 11 Pro operating system. The hardware setup
consisted of an Intel Core i9-13900KF processor, 64 GB of RAM, and an NVIDIA
RTX 4080 processor with 16 GB of dedicated video memory. The suggested hybrid
architecture was developed in Python 3.10 on an environment made of Anaconda3.
To speed up the process of training and inference, support of CUDA was used and
thus efficient parallel processing occurred on the GPU.

D. Experimental Results
D.1. Performance of the Proposed Hybrid Model

A 5-fold cross-validation was performed on the proposed hybrid architecture
on 35 flower classes. As showed in Table 2, the model achieved accuracy values of
99.00%, 99.00%, 98.29%, 98.57%, and 98.71% for folds 1 through 5 respectively,
yielding a mean accuracy of 98.71%. Precision, recall and F1 score were both high,
at 99% in four of the five folds and 98% in fold 3. The results show strong
generalization performance for each of the data partitions without any significant
differences between them.

The early stopping mechanism stopped training at epochs 12, 11, 18, 12, and
11 in the five folds with a mean of 12.8, which is well below 30 epochs implying
rapid and stable convergence.

Table 2. The classification performance of the proposed hybrid model and its
individual streams per fold.

Model Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean
Hybrid Accuracy 99.00% 99.00% 98.29% 98.57% 98.71%  98.71%
(EfficientNet-B4  Precision 99% 99% 98% 99% 99% 98.80%
+ ViT-Small) Recall 99% 99% 98% 99% 99% 98.80%

F1-Score 99% 99% 98% 99% 99% 98.80%
ViT-Small Accuracy 99.00% 99.00% 98.29% 97.29% 97.71%  98.26%
(standalone) Precision 99% 99% 98% 97% 98% 98.20%
Recall 99% 99% 98% 97% 98% 98.20%
F1-Score 99% 99% 98% 97% 98% 98.20%
EfficientNet-B4 Accuracy 94.00% 94.00% 94.14% 94.43% 93.67%  94.05%
(standalone) Precision 94% 94% 94% 95% 94% 94.20%
Recall 94% 94% 94% 94% 94% 94.00%
F1-Score 94% 94% 94% 94% 93% 93.80%

The proposed Hybrid EfficientNet-B4 + ViT-Small model also achieved the best
mean accuracy of 98.71%, which is higher than the mean accuracy of the ViT-Small
model (98.26%) and the EfficientNet-B4 model (94.05%). This indicates that the
improvement is not solely due to the strong backbone, but also to the combination
of CNN and transformer features.

D.2. Ablation Study: Individual Stream Performance

The training and evaluation protocol is the same as in training and evaluating
both the Vit-Small and EfficientNet-B4. The standalone ViT-Small, demonstrated a
mean accuracy of 98.26%, with good performance in folds 1-3 and a slight drop in
folds 4 and 5 (97.29% and 97.71% respectively). Standalone EfficientNet-B4
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achieved a mean accuracy of 94.05% with F1-scores remaining stable at 93-94%
for all folds. EfficientNet-B4 also needed significantly more training time, with
three out of five folds (mean stopping epoch: 25.0) stopping at the 30-epoch target.

D.3. Comparison with State-of-the-Art Architectures

The accuracy of the proposed model and five baseline architectures are shown
in Table 3 when they are tested on the same protocol. Among the baselines, Swin
Transformer achieved the highest mean accuracy (97.17%), followed by ResNet50
(96.63%), InceptionV3 (96.60%), DenseNet201 (96.11%), and MobileNetV2
(94.00%). The proposed hybrid model achieved the highest mean accuracy
(98.71%) and F1-score (98.80%) on all folds compared to all the baseline models.

Table 3. Per-fold accuracy and mean performance comparison against state-of-
the-art baseline architectures.

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold5 average Acc. average F1
Hybrid 99.00% 99.00% 98.29% 98.57% 98.71% 98.71% 98.80%
(proposed)

Swin Transformer 97.86% 96.71% 97.57% 97.14% 96.57% 97.17% 97.40%
InceptionV3 96.71% 96.57% 96.14% 96.00% 97.57% 96.60% 96.80%
ResNet50 96.43% 97.14% 96.71% 96.14% 96.71% 96.63% 96.60%
DenseNet201 95.71% 95.57% 96.29% 96.86% 96.14% 96.11% 96.40%
MobileNetV2 94.14% 93.57% 94.43% 94.57% 93.29% 94.00% 93.80%

D.4. Statistical Comparison of Model Performance

A new fold-level statistical comparison was performed with the five cv
accuracy values obtained for the proposed model and another model to further
examine the statistical significance of the performance improvement obtained by
the proposed hybrid model. The same five data folds were employed in all models,
thus paired statistical tests were appropriate. The scores obtained with the fold-
wise accuracy were used for comparison of the proposed hybrid model with each
baseline model with the help of paired t-test. Moreover, a non-parametric test,
Wilcoxon signed-rank test, was also added to verify the results when the paired
sample size is small. The hybrid model proposed was tested on five folds with a
mean accuracy of 98.71% and standard deviation of 0.30. The 95% confidence
interval was 98.34% - 99.09%, which shows a low variation between the folds and
stable performance.

Table 4. Fold-level statistical comparison between the proposed hybrid model and
baseline architectures using paired t-test and Wilcoxon signed-rank test.

Average  Average

Paired t- .
. Accuracy Accuracy Wilcoxon .
Comparison . . test p- Interpretation
of Baseline Difference value p-value
(%) (%)
Hybrid vs ViT-Small  98.26 +0.46 01821 05000  Losiive ~but = mot
statistically significant
Hybrid vs EfficientNet- 94.05 +4.67 0.00003 0.0625 Slgnlflcant by t.-test;
B4 Wilcoxon borderline
Hybrid Vs Swin 9717 +1.54 0.0065 0.0625 Slgnlflcant by t.-test;
Transformer Wilcoxon borderline

https://doi.org/10.33022/ijcs.v15i3.5181 4288


https://doi.org/10.33022/ijcs.v15i3.5181

The Indonesian Journal of Computer Science

Average  Average

Paired t- .
. Accuracy Accuracy Wilcoxon .
Comparison . . test p- Interpretation
of Baseline Difference value p-value
(%) (%)

. . Significant by t-test;
Hybrid vs InceptionV3  96.60 +2.12 0.0011 0.0625 Wilcoxon borderline
Hybrid vs ResNet50  96.63 +2.09 00003 00625  Jwgnificant by t-tesg

Wilcoxon borderline
Hybrid vs DenseNet201 96.11 +2.60 00016 00625  Jwgnificant by t-tesg

Wilcoxon borderline
Hybrid vs MobileNetV2 ~ 94.00 +4.71 00002 00625  Jgnificant by t-tesg

Wilcoxon borderline

Based on the paired t-test results, the proposed hybrid model showed
statistically significant improvements over EfficientNet-B4, Swin Transformer,
InceptionV3, ResNet50, DenseNet201, and MobileNetV2 with p values <0.01. This
reinforces the effectiveness of the proposed bidirectional cross-attention fusion
strategy over the CNN-based and transformer-based baselines.

The improvement compared to the standalone ViT-Small was not significant at
the 0.05 level, however. The difference between the mean accuracy of the
proposed model and ViT-Small was very small, around 0.46 percentage points.
Thus, this finding is considered a small, but reliable, improvement in performance,
not a significant performance gain.

Borderline p-values were obtained for most comparisons using the Wilcoxon
signed-ranked test. This is primarily because of the limited number of paired
observations, since a five-fold cross-validation only yields a set of five paired
accuracy values for each comparison. The Wilcoxon results thus are less definitive,
but are a conservative complementary analysis. Overall the statistical results
indicate that the proposed hybrid model is able to demonstrate reliable
performance improvements over most of the baseline models, and the
improvements over ViT-Small need to be further validated using larger datasets,
cross validation or per image prediction level statistical analysis.

D.5. Convergence Efficiency

The early stopping epoch for each model in all 5 folds is reported in Table 5.
The proposed hybrid model converged the earliest with a mean stopping epoch of
12.8, whereas, the MobileNetV2 consistently achieved a maximum of 30 epochs
(mean: 29.6). The mean stopping epochs for ResNet50, inceptionV3 and
DenseNet201 were greater than 24. The hybrid model outperforms the purely
convolutional baselines while ViT-Small performs at a mean of 17.6, later than the
hybrid model.

Table 5. Early stopping epochs across five cross-validation folds for all evaluated

architectures.
Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean
Hybrid (proposed) 12 11 18 12 11 12.8
ViT-Small 12 17 22 13 24 17.6
EfficientNet-B4 18 30 28 29 20 25.0
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Swin Transformer 24 20 24 24 27 23.8
InceptionV3 23 30 25 21 30 25.8
ResNet50 21 30 25 15 30 24.2
DenseNet201 19 25 27 30 20 24.2
MobileNetV2 30 30 30 28 30 29.6

D.6. Per-Class Accuracy

The accuracy of the proposed hybrid model is presented in per class accuracy
averaged over all 5 folds in figure 3. The model is able to recognize the majority of
the 35 classes with a mean accuracy of 0.987 per class, with perfect or near perfect
recognition of the majority of the classes. There are a few classes that are under
the mean accuracy: CHRYSANTHEMUM (about 0.90), Luminosa_zinnia (about
0.94), garden_roses (about 0.94). These are the same class groups that were
identified in Section 3.1 from a visual similarity. Several classes (Iris, Orchid,
Poppy, Sunflower) have a perfect accuracy on all folds.
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Figure 3. Per-class accuracy of the proposed hybrid model averaged over five
cross-validation folds. The red dashed line indicates the overall mean accuracy of
0.987.

D.7.ROC Curve Analysis

The Receiver Operating Characteristic (ROC) curves of five representative
flower classes are shown in Figure 4. The Area Under the Curve (AUC) value is 1.00
for all 5 classes: Anthurium, Azalea, Bougainvillea, CHRYSANTHEMUM and
Camelia_jap. All curves have true positive rates of 1.00 at very low false positive
rates, which suggests very high confidence and good calibration in class-vs-rest
discrimination at all classification thresholds. Even if the AUC is not as high as the
other methods in the same class, as seen in Figure 3, the model's probabilistic
discriminability is not affected by the misclassifications that occur in visually
similar classes, as in CHRYSANTHEMUM.
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ROC Curves (First 5 Classes) — Hybrid EfficientNet+ViT

—— Anthuriums (AUC=1.00)
Azalea (AUC=1.00)
—— Bougainvillea (AUC=1.00)
—— CHRYSANTHEMUM (AUC=1.00)
— Camella_jap (AUC=1.00)
~== Random

0.0 0.2 04 0.6 0.8 10
False Positive Rate

Figure 4. ROC curves for five representative flower classes produced by the
proposed hybrid model.

D. Discussion

The experimental results indicate that the proposed bidirectional cross-
attention fusion based on hybrid EfficientNet-B4 and ViT-Small model achieves a
good performance in fine-grained flower recognition. The proposed model was
evaluated with 5-fold cross validation, and it gave the highest mean accuracy of
98.71% and the mean F1-score of 98.80%, outperforming the individual
constituent streams and all the evaluated baseline architectures. Results indicate
the utilization of both convolutional and transformer-based representations may
be useful for flower classification tasks especially when there are several flower
classes with similar colour, texture, and petal structure in a flower dataset.

This was significant improvement over its standalone counterpart,
EfficientNet-B4. The proposed hybrid model improved the efficiency model
(EfficientNet-B4) by ~4.67 percentage points with a mean accuracy of 94.05%.
This means that local convolutional features do not necessarily represent a useful
approach to differentiation of visually similar flower species. EfficientNet-B4 can
perform well at capturing local texture, colour gradients, and patterns at the edge
level, but it might not be as effective at modeling global spatial relationships
between flower petals, centers, and overall form. The proposed architecture
leverages the global self-attention introduced by ViT-Small, enabling the model to
handle dependencies and structural relationships in the entire image.

The improvement was less remarkable compared to standalone ViT-Small and
the hybrid model gained about 0.46 percentage points on average. This indicates
that the representation from ViT-Small is also quite good for this task. The hybrid
model, however, was more stable across the folds later on and performed the best
across all the folds on average. There was no statistically significant difference
between the hybrid model and ViT-Small, suggesting that the improvement is a
relatively small but consistent performance difference. This is crucial, because the
proposed architecture provides not only increased accuracy, but also combines
complementary local and global features in a single model.
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It is important to note that the value of the proposed hybrid model over
standalone ViT-Small should not be evaluated on the basis of raw accuracy alone.
From a practical deployment perspective, the hybrid architecture demonstrated a
meaningfully faster convergence, reaching its best validation performance at a
mean of 12.8 epochs compared to 17.6 epochs for standalone ViT-Small — a
reduction of approximately 27% in training time. This faster convergence is not
merely a computational convenience; it reflects the ability of the bidirectional
cross-attention mechanism to accelerate the learning of discriminative
representations by allowing the convolutional and transformer streams to
mutually refine each other from the earliest training stages, rather than relying on
a single stream to develop all representational capacity independently.
Furthermore, the hybrid model exhibited superior cross-fold stability, with a
standard deviation of 0.30% and a 95% confidence interval of 98.34%-99.09%,
compared to standalone ViT-Small which showed a more pronounced performance
drop in folds 4 and 5 (97.29% and 97.71% respectively), suggesting that the
convolutional stream provides a stabilising local inductive bias that reduces
sensitivity to data partition variability. Taken together, the faster convergence and
improved stability across folds represent meaningful practical advantages of the
hybrid design, particularly in resource-constrained training environments and
real-world applications where consistent, reliable performance across unseen data
partitions is a primary concern.

The proposed approach clearly outperformed other state-of-the-art models. It
was the top performer on all five folds compared to Swin Transformer,
InceptionV3, ResNet50, DenseNet201 and MobileNetV2. The paired t test statistics
revealed that these models improved significantly when compared to the proposed
fusion strategy, confirming the effectiveness of the fusion strategy. However,
Wilcoxon's signed rank test was not as definitive because of the small number of
folds. This also brings a major problem with the statistics since it only offers 5
pairs of observations to compare the model. The results are promising, although a
more compelling evidence of generalisation would be achieved with per-image
prediction-level statistical testing or external testing sets.

The convergence behaviour also validates the effectiveness of the proposed
model. The hybrid model achieved an average of 12.8 epochs till it reached its best
validation performance, while ViT-Small and EfficientNet-B4 needed 17.6 and 25.0
epochs respectively. CNN baselines needed more than 24 epochs on average, with
MobileNetV2 almost hitting the limit of epochs. It indicates that the cross-attention
fusion not only contributes to improve classification performance but also can
accelerate the learning of discriminative representation. The use of pre-trained
backbones and the complementary relationship between the convolutional and
transformer streams, in which both local and global information is used to refine
each other before being classified, have contributed to the convergence.

The accuracy per class shows additional information about the model. The
majority of the flower classes were classified with near perfect accuracy, and only
a few groups of flowers, which are only slightly different visually, had lower
accuracy. Chrysanthemum, Luminosa_zinnia, and garden_roses had lower accuracy
per class than the average accuracy. This is to be expected as there are some flower
species in the data set that have similar visual attributes, such as flower petal
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density, colour distribution, and rounded flower shape. The remaining
classification errors are primarily due to fine-grained visual similarity, as
suggested by these results.

Based on results from the ROC analysis, the proposed model has a high
discriminative capacity. The selected representative classes yielded AUC values of
1.00, which suggests that the model is able to discriminate between the above-
mentioned classes in a one vs rest classification framework. Interestingly, while
Chrysanthemum had the lowest per-class accuracy it never managed to get an AUC
lower than 1.0. This indicates that model is able to separate Chrysanthemum from
other classes with a relatively high probability, but with occasional hard-label
misclassifications among other visually similar classes. Thus, a normalised
confusion matrix and the example images misclassified needs to be analysed in the
future to better understand the errors made.

While this was a good performance, there are a number of points to be taken
into account. First, the dataset is balanced having 100 images per class, but the
overall number of images is still quite small for deep learning, particularly
transformer based models. Secondly, the data set was assembled from various
sources such as the Oxford data set, a custom flower data set, and data from Google
images, which can vary in quality, background complexity, and acquisition
conditions. Third, the performance was estimated by cross validation within the
full combined database, so the model's ability to generalise in the real world needs
to be further evaluated by using completely independent external databases or
images collected in the field in the Kurdistan Region. Last, hybrid architecture
might be more complex than lightweight CNN models, which should also be taken
into consideration if the model is going to be deployed on edge or mobile devices.

In general the results show that the bidirectional cross-attention fusion
technique is an effective approach for flower classification at a finer level. The
proposed model is able to obtain high accuracy, strong cross-fold stability and
efficient convergence by enabling complementary information to be shared
between the convolutional stream and the transformer stream. The results
demonstrate hybrid CNN-Transformer models for use in biodiversity monitoring,
smart farming, and applications for region-specific plant recognition.

E. Conclusion

This paper suggested a hybrid dual-stream deep learning architecture to
recognize flowers in the Kurdistan Region of Iraq. The model is developed based
on EfficientNet-B4 and ViT-Small/16 with a bidirectional cross-attention fusion
mechanism, which allows for the fusion of local features from the convolutional
layer with global features from the transformer. This design overcomes the
disadvantage of using a CNN model alone or a transformer model alone, and gives
a more discriminative representation for the classification of flowers with high
resolution.

The proposed model has been evaluated on five-fold cross validation and has
achieved a mean accuracy of 98.71% and a mean F1-score of 98.80%, which is
better than standalone EfficientNet-B4, standalone ViT-Small, and a number of
baseline architectures such as Swin Transformer, InceptionV3, ResNet50,
DenseNet201, and MobileNetV2. In addition, the model was shown to have good
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cross-fold stability with a 95% confidence interval of 98.34%-99.09% and to
converge faster than the baselines CNN and transformer. Paired t-tests revealed
significant improvements over most baseline models, and although there was a
positive but not statistically significant difference between ViT-Small and the
hybrid model, the hybrid model consistently outperforms the strongest single
stream.

Most of the other errors were noted in classes of flowers with similar visual
characteristics, such as similar colours and overlapping textures and shapes of the
petals, which made classification more difficult. This emphasizes the need for
further studies with bigger datasets with more diverse samples and using
visualisation and explainability analysis of the confusion matrix. Future research
will concentrate on adding more endemic species to the dataset, testing the model
with all new and independent field-collected images, using Grad-CAM and
transformer attention visualisation to understand the features learned by the
model, and compressing the model to enable deployment on mobile and edge
devices for smart farming and biodiversity monitoring applications.
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