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Abstract: - Convolutional neural networks (CNNs) are effective for recovery. Local visual features, While transformer- based 
architectures offer a mechanism for modeling long- range contextual dependencies. This study proposes a context-aware hybrid 
CNN–Transformer architecture that integrates convolutional feature extraction, visual-token context modeling, and attention-
guided feature fusion for image classification. To enable reproducible evaluation under controlled conditions, the proposed 
approach is assessed on a purpose-built Context-Aware Image Classification Dataset (CAICD), comprising 3,600 balanced 32×32 
grayscale images distributed across six shape classes: Circle, Square, Triangle, Cross, Ring, and Checker. The dataset is divided into 
2,400 training, 600 validation, and 600 held-out test images, with 100 test images per class, using a fixed random seed of 42. CPU-
based PyTorch experiments evaluate a CNN-only baseline and progressively enhanced hybrid configurations trained for eight 
epochs using the Adam optimizer and cross-entropy loss. The executed results yield 100% test accuracy and macro-F1 for both the 
CNN-only baseline and the complete hybrid model, while the intermediate CNN+Transformer and attention-fusion configurations 
achieve macro-F1 scores of 0.9900 and 0.9960, respectively. The complete hybrid architecture contains 99,110 trainable 
parameters and records a CPU inference latency of 0.336 ms per image in the reported execution. These findings demonstrate 
reproducible performance on the CAICD benchmark under the specified experimental conditions; they should not be interpreted 
as evidence of generalization to clinical, industrial, or other real-world image domains 

Keywords: computer vision, context-aware image understanding, CNN, Transformer, attention, hybrid deep learning, CAICD 
benchmark, image classification.

 

1 Introduction 
Deep learning has transformed visual recognition by enabling hierarchical feature learning directly from image data. 
Early deep CNN systems established the effectiveness of learned convolutional representations for large-scale image 
classification [1]. Subsequent architectures improved depth, multi-scale processing, residual optimization, and 
computational efficiency through VGG-style networks [2], Inception [3,4], residual learning [5], dense connectivity [6], 
and compound scaling [7]. Attention mechanisms Expanded further feature selectivity Through the restoration of 
canals and spatial responses [ 8, 9]. 

Though CNNs Strong in modeling. Local patterns, Visual recognition often depends on relationships between distant 
regions. Non- local enterprise was introduced. Explicit long- range interaction [ 10], While the Transformer 
architecture demonstrated that self- attention can be modeled global dependencies without recurrence [ 11]. Vision 
Transformer (ViT) extended this principle to image patches [12], and hierarchical approaches such as Swin 
Transformer improved multi-scale representation and computational efficiency [13]. Other designs, including 
Pyramid Vision Transformer, Multiscale Vision Transformer, and Bottleneck Transformer, further explored efficient 
global or local–global attention [14–16]. 

The growing literature indicates that convolution and attention should not necessarily be treated as competing 
alternatives. ConViT introduced a soft convolutional inductive bias within attention [17], CvT incorporated 
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convolutional token processing into Transformers [18], and CoAtNet explicitly combined convolution and attention 
in a hierarchical architecture [19]. More recent ConvNeXt models also show that modernized convolutional designs 
can remain highly competitive with Transformer-based systems [20,21]. 

Motivated by these developments, this paper proposes a context-aware hybrid architecture in which local feature 
extraction and global context modeling are explicitly separated and then adaptively fused. Figure 1 presents the 
architecture. Figure 2 summarizes the reproducible experimental workflow, and Figure 3 describes the explainability 
pipeline. The executed study makes four contributions: (i) a local-to-global feature-learning architecture, (ii) an 
adaptive context-fusion mechanism, (iii) a controlled CAICD benchmark and component-wise ablation protocol, and 
(iv) a reproducible CPU inference measurement. The experimental conclusions are deliberately limited to the supplied 
CAICD benchmark. 

 

Fig. 1. Proposed context-aware hybrid CNN–Transformer architecture for local-to-global visual 
representation learning. 

As shown in Fig. 1, the model first extracts local convolutional representations and converts the high-level feature 
map into contextual tokens. The Transformer encoder models long-range relationships, after which local and global 
representations are combined through the context-fusion mechanism before classification. 

2 Related Work 

2.1 Convolutional Feature Learning 
CNN-based visual learning progressed from AlexNet-style deep convolutional systems [1] to VGG [2], Inception [3,4], 
ResNet [5], DenseNet [6], and EfficientNet [7]. Residual learning addresses optimization difficulties in deep networks 
[5], while dense connectivity promotes feature reuse [6]. Squeeze-and-Excitation and CBAM demonstrate that channel 
and spatial attention can improve feature discrimination [8,9]. Feature Pyramid Networks additionally show the value 
of multi-scale hierarchical features for visual recognition [22]. 

2.2 Transformer-Based Vision Models 
The self-attention mechanism underlying Transformers provides direct pairwise interaction between tokens [11]. ViT 
applies this principle to image patches and demonstrates the feasibility of pure Transformer-based image 
classification [12]. Swin Transformer introduces shifted local windows and hierarchical representations [13]. PVT 
[14] and MViT [15] address multi-scale visual representation, while BoTNet inserts self-attention into convolutional 
bottlenecks [16]. Self-supervised pretraining approaches such as BEiT further demonstrate the potential of masked 
image representation learning [23]. 

2.3 Hybrid and Attention-Enhanced Architectures 
Hybrid approaches attempt to retain convolutional locality while exploiting attention-based global reasoning. ConViT 
learns a soft convolutional inductive bias [17], CvT introduces convolutional token embedding and convolutional 
projections [18], and CoAtNet hierarchically combines depthwise convolution and self-attention [19]. Modern 
ConvNeXt architectures demonstrate that convolutional networks can also absorb several design principles associated 
with Transformers [20], while ConvNeXt V2 further combines convolutional modeling with masked autoencoding 
[21]. These findings motivate the explicit local–global fusion strategy adopted in this work. 
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Fig. 4. Conceptual motivation for local– global feature fusion; This data is illustrative and does not represent. 
Measured experimental data. 

Figure 4 is retained as only a conceptual visualization of the design rationale. It should not be interpreted. A 
quantitative comparison or empirical result. 

3 Proposed Methodology 

3.1 Overall Architecture 
Emerge again X∈ R^ (H× W× C) to indicate an input image. Consists of architecture. Five stages: Multiscale CNN coding, 
token construction, transformer context encoding, adaptive fusion, and classification. The design is motivated by the 
complementary attractive biases of convolution and self- focusing [ 17– 19]. 

3.2 Multi-Scale CNN Encoder 
But scale s, the CNN encoder produces: 

Fs = fCNN, s (F(s−1)), s = 1, …, S. 

The multi- scale design Following the principle that hierarchical features can represent structures. Different spatial 
resolutions, the feature is compatible with pyramid modeling. [ 22]. 

3.3 Tokenization and Context Encoding 
The final CNN feature map is transformed into a sequence of tokens: 

Z0 = PatchEmbed (FS) + P. 

The Transformer encoder then computes contextual interactions using scaled dot-product self-attention [11,12]: 

A = softmax (QKᵀ / √d) V. 

Hierarchical and windowed attention can be adopted when computational cost becomes dominant, following the 
design principles of Swin Transformer and related efficient vision Transformers [13–16]. 

3.4 Context-Aware Fusion 
Let F_C denote the pooled CNN representation and F_T the pooled Transformer representation. A learned gate is 
defined as: 

g = σ (Wg [FC || FT] + bg). 

F_H = g ⊙ FC + (1 − g) ⊙ FT. 

The formulation allows the network to vary the contribution of local and global evidence. This follows the broader 
motivation of hybrid architectures such as ConViT, CvT, and CoAtNet [17–19]. 

3.5 Classification Objective 
For K classes, the prediction and categorical cross-entropy loss are: 

ŷ = softmax (WcFH + bc). 

LCE = − Σ(k=1) ^K yk log(ŷk). 

4 Experimental Setup 

4.1 Dataset and Data Split 
A purpose-built CAICD benchmark was used because a real-world benchmark dataset was not supplied with the study. 
The dataset contains 3,600 images at 32×32 grayscale resolution across six visually distinct classes: Circle, Square, 
Triangle, Cross, Ring, and Checker. The data are balanced: 400 training images, 100 validation images, and 100 test 
images per class. Thus, the split contains 2,400 training images, 600 validation images, and 600 test images. The test 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml                                      International Journal of Artificial Intelligence and Machine Learning 
  

Vol.6, No.3, 2026                                                                                                                                                                                                  1578 

set contains exactly 100 images per class and is held out from training. Shape position, scale, brightness, contrast, 
background blobs, and Gaussian noise were randomized during CAICD data generation to introduce controlled 
contextual variation. A fixed random seed of 42 was used. 

4.2 Preprocessing and Augmentation 
All images were generated directly at 32×32 grayscale resolution. The supplied execution protocol specifies the 
randomized shape position, scale, brightness, contrast, background blobs, and Gaussian-noise factors used to create 
context variation. No additional image augmentation, normalization, or preprocessing settings were recorded in the 
supplied execution summary; therefore, no unrecorded preprocessing operation is claimed here. 

4.3 Optimization and Regularization 
The supplied experiments were executed on CPU using PyTorch. The CNN baseline and proposed hybrid CNN–
Transformer configurations were trained for 8 epochs using AdamW and categorical cross-entropy loss. The random 
seed was fixed at 42. The CNN baseline contains 23,910 trainable parameters, while the hybrid contains 99,110 
trainable parameters. The hybrid uses convolutional feature extraction, tokenization of the spatial feature map, a two-
layer Transformer encoder, and gated fusion between pooled convolutional and Transformer representations. The 
supplied execution summary does not record the exact CPU model, PyTorch version, learning rate, batch size, 
scheduler, weight decay, or precision; these values should therefore not be inferred or invented. 

 
Fig. 2. Reproducible experimental workflow used for dataset preparation, training, baseline comparison, 
ablation, and evaluation. 

Figure 2 summarizes the executed workflow from CAICD data generation through training, validation, held-out 
testing, ablation, and CPU inference measurement. All reported experimental values in this manuscript are restricted 
to the supplied CAICD benchmark run. 

Table 1. Exact class distribution and data split used in the CAICD benchmark. 

Class Train Validation Test Total 

Circle 400 100 100 600 

Square 400 100 100 600 

Triangle 400 100 100 600 

Cross 400 100 100 600 

Ring 400 100 100 600 

Checker 400 100 100 600 

Total 2400 600 600 3600 

   

Table 1a. Reproducibility settings available from the supplied execution record. 

Item 
Supplied experimental 
setting 

Dataset 
Context-Aware Image 
Classification Dataset (CAICD) 

Image format 32×32 grayscale 

Train / validation 
/ test 

2,400 / 600 / 600 
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Test distribution 100 images per class 

Random seed 42 

Execution 
hardware 

CPU (exact model not 
recorded) 

Framework 
PyTorch (version not 
recorded) 

Optimizer AdamW 

Loss Cross-entropy 

Epochs 8 

Learning rate / 
batch size / 
scheduler 

Not recorded in supplied 
execution summary 

 

5 Results and Analysis 
The results are organized around the executed benchmark comparison, component-wise ablation, computational 
profiling, and interpretation of the observed behavior. Unlike the earlier draft, no simulated baseline values from 
ResNet-50, EfficientNet-B0, ViT, or Swin Transformer are presented as experimental measurements because those 
models were not part of the supplied execution record. The numerical results below are taken from the supplied CAICD 
experimental protocol. 

Table 2. Measured classification results on the CAICD benchmark. 

Model Accuracy (%) Precision Recall F1-score 

CNN-only baseline 1.0000 1.0000 1.0000 1.0000 

CNN + Transformer 1.0000 0.9900 0.9900 0.9900 

+ Attention-guided 
fusion 

0.9950 0.9960 0.9960 0.9960 

Full proposed 
hybrid 

1.0000 1.0000 1.0000 1.0000 

Table 2 reports the measured results supplied for the CAICD benchmark. Accuracy, precision, recall, and F1 are 
reported as aggregate classification metrics for the executed configurations. The full proposed hybrid achieved 1.0000 
for all four reported predictive metrics on the held-out CAICD test set. The result should be interpreted only within 
the controlled CAICD benchmark. 

Table 3. Component-wise ablation results on the held-out CAICD test set. 

Configuration CNN Transformer Context Fusion F1-score 

A1: CNN only ✓ x x 1.0000 

A2: CNN + 
Transformer 

✓ ✓ x 0.9900 

A3: CNN + 
Transformer + 
fusion 

✓ ✓ ✓ 0.9960 

A4: Full proposed 
model 

✓ ✓ ✓ 1.0000 

Table 3 summarizes the supplied component-wise results. The CNN-only baseline and the full proposed hybrid both 
reached an F1-score of 1.0000 on the held-out CAICD test set, while the intermediate CNN+Transformer and attention-
guided fusion configurations achieved F1-scores of 0.9900 and 0.9960, respectively. 

Table 4. Measured parameter counts and CPU inference latency. 

Model Parameters Latency 
(ms/image) 

CNN-only baseline 23,910 0.140 

Full proposed 
hybrid 

99,110 0.336 

Table 4 reports the measured parameter count and CPU inference latency available in the supplied execution record. 
The hybrid model has 99,110 trainable parameters and a measured latency of 0.336 ms/image. The CNN baseline has 
23,910 trainable parameters and a measured latency of 0.140 ms/image. FLOPs and throughput were not reported in 
the supplied execution summary and are therefore omitted rather than estimated.  
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Fig. 5. Measured comparison of accuracy and F1-score across the executed configurations. 

 

Fig. 6. Confusion matrix of the full proposed hybrid on the 600-image held-out CAICD test set; 100 images from each 
class were classified correctly. 

 

Fig. 7. Measured CPU inference latency for the CNN-only baseline and full proposed hybrid. 

ROC analysis. ROC curves and ROC-AUC were not computed in the supplied execution record because prediction-score 
vectors were not provided. They are therefore intentionally omitted from the measured results rather than 
reconstructed from accuracy values. 
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5.1 Explainability Analysis 

 
Fig. 3. Explainability pipeline for linking model predictions to spatial evidence using Grad-CAM and Transformer 
attention. 

Figure 3 illustrates how prediction evidence can be analyzed using Grad-CAM and, for the hybrid pathway, 
Transformer attention. Grad-CAM uses gradients flowing into a convolutional layer to generate class-discriminative 
localization maps [29]. The supplied experiment does not include saved Grad-CAM maps or Transformer attention 
maps, so no quantitative explainability conclusion is claimed. Future real-data experiments should include 
representative correct and incorrect predictions together with corresponding spatial evidence. 

5.2 Error Analysis 
Because the full proposed model produced perfect aggregate classification metrics on the supplied CAICD test set, the 
executed results do not provide misclassified test examples from which a meaningful empirical error taxonomy can 
be constructed. Controlled data generation factors– scale, position, brightness, contrast, background blobs, and 
Gaussian noise- define the principal Control sources of variation. Real evaluations should be analyzed clearly. Low 
resolution, obstacle, illumination change, root, inter- class similarity, And atypical viewpoints. 

5.3 Statistical Reporting 
Reproducibility notes. Go CAICD The reference is fully defined. The dataset level in this manuscript: six classes, 3, 600 
total images, A distribution of 2400/ 600/ 600, 32× 32 grayscale resolution, Control variation in shape position, scale, 
brightness, contrast, background blobs, and Gaussian noise, and random seed 42. Provided execution record Reports 
CPU/ PyTorch execution, Adam W., Cross Entropy, and eight training period. 
Exact software version, cpu model, learning rate, Batch size, scheduler and other omitted settings were not provided 
and are clearly identified as missing rather than displayed. 
Provided execution record Reports a single run with fixed random seed 42. Consequently mean± standard deviation 
across independent seeds And formal statistical significance tests is not available. Reported values should be 
considered. Single- run CAICD benchmark results. A strong final study should be repeated. Each configuration over 
multiple seeds And reports confidence intervals or mean± standard deviation. 
 

6 Discussion 
Executed. CAICD results Illustrate that both parts the CNN baseline And the full hybrid can solve the built- in challenge. 
Six- class task With perfect holding accuracy and F1. Intermediate configurations also occupation well. F1- scores Of 
0.9900 And 0.9960. This pattern indicates that. The CAICD benchmark A test architecture is relatively accessible to 
construct and is not isolated. an unique advantage Of the hybrid architecture. 
The hybrid still delivers. The intended architectural combination Of local convolutional structure and non- native 
token interactions. Any claim of superiority over ResNet- 50, EfficientNet- B0, ViT, or Swin Transformer But direct, 
comparable experiences are needed. The same dataset and hardware; Such measures are not included in the 
information given execution record. 
The computational results give a measurable accuracy– efficiency context Within execution configurations. The full 
hybrid uses Approx 4.15 times Seam many trainable parameters Seam the CNN baseline( 99, 110 vs 23, 910) And 
almost is 2.40 times Reported CPU latency( 0.336 vs 0.140 ms/ image). 
Because both configurations received 1.0000 accuracy and F1 But the CAICD test set, Does not show experience given. 
An accuracy benefit which compensates this additional computational cost. This observation is specific. The CAICD 
benchmark And more challenging should be revised. Real- world dataset. 

 
7 Limitations and Reproducibility 
The main limitation is the use Built with a purpose. CAICD dataset Instead of the universal or proprietary real- world 
image benchmark. Perfect test performance CNN Baseline and full hybrid indicates that the task Can be very easy to 
expose meaningful generalization differences. Provided execution record Not included either the exact CPU model, 
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software version, learning rate, batch size, planner, weight loss, FLOPs, throughput, ROC- AUC, ROC curves, or stored 
explainability outputs. 

These omissions Terminate making claims about hardware- independent efficiency, ROC performance, or ability to 
explain. Before submitting as a real- world performance study, The framework should be assessed on an appropriate 
collective or proprietary dataset with a fixed split, complete training sequence, multiple random seeds, Measured 
confusion matrices and ROC curves, and direct benchmark baselines. 

8 Conclusion 
This study presents a context-aware hybrid CNN–Transformer framework that combines local convolutional 
representations, global Transformer context, and adaptive feature fusion. On the supplied six-class CAICD benchmark, 
the full hybrid achieved 1.0000 accuracy, precision, recall, and F1 on the held-out test set, with 99,110 trainable 
parameters and 0.336 ms/image CPU inference latency. The CNN-only baseline also achieved perfect classification on 
the same CAICD test set while using 23,910 parameters and 0.140 ms/image latency. Therefore, the current evidence 
demonstrates reproducibility on a controlled CAICD task but does not establish superiority or generalization to real-
world imagery. Future work should validate the architecture on a challenging public or proprietary benchmark and 
report complete experimental and statistical evidence. 
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