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Abstract 
This paper presents a lightweight method for multi-level feature aggregation in fine-grained image 
classification. The proposed method is implemented within a compact convolutional neural network that 
learns hierarchical feature representations from input images and improves class separability by combining 
features extracted at multiple backbone depths. Specifically, feature maps from intermediate and deep 
convolutional blocks are aggregated via global average pooling, concatenated, and projected into a unified 
embedding space prior to classification. The model is fine-tuned end-to-end using gradient-based 
optimization with a standard cross-entropy objective. Experiments on two publicly available fine-grained 
datasets (CUB-200-2011 and Oxford Flowers 102) show that the proposed strategy consistently improves 
classification accuracy over a baseline CNN without multi-level feature aggregation. The obtained results 
indicate that multi-level feature aggregation within a compact CNN framework can improve fine-grained 
classification performance under controlled experimental conditions while preserving architectural 
simplicity and introducing only limited additional model complexity. 
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1. Introduction 

Deep learning has become a dominant paradigm in computer vision, enabling substantial progress 
in image recognition and classification tasks. Convolutional neural networks (CNNs) learn 
hierarchical feature representations directly from raw image data and have substantially improved 
performance on large-scale visual recognition benchmarks. 

Despite these advances, fine-grained image classification remains challenging. In such scenarios, 
object categories exhibit high inter-class similarity and subtle visual differences, making 
discriminative representation learning a critical factor in performance. Moreover, deep neural 
networks often rely on large annotated datasets and high model capacity, which may lead to 
overfitting when training data are limited or highly homogeneous. 

Unlike conventional image classification, which distinguishes semantically different object 
categories (e.g., birds, cars, or flowers), fine-grained image classification focuses on discriminating 
visually similar subcategories within the same general category, such as bird species or flower 
species. These tasks are characterized by high inter-class visual similarity together with potentially 
large intra-class variation caused by pose, viewpoint, illumination, or background. Consequently, 
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successful recognition relies on identifying subtle discriminative visual cues in addition to higher-
level semantic information, rather than relying solely on coarse object-level characteristics. 
Benchmark datasets such as CUB-200-2011 and Oxford Flowers 102 are widely regarded as 
representative fine-grained classification benchmarks because they require discrimination between 
closely related subcategories exhibiting subtle visual differences. 

Recent research has emphasized that classification performance depends not only on network 
depth but also on the quality of learned feature representations. Multi-scale analysis and feature 
fusion strategies have been explored to capture complementary information and improve 
separability of visually similar categories. In particular, aggregating representations extracted at 
different stages of a CNN can enhance discriminative capability without introducing substantial 
additional model complexity. Such strategies aim to enrich the final representation without 
substantially increasing computational cost. 

In this work, a compact CNN backbone is intentionally adopted in order to focus the analysis on 
the contribution of multi-level feature aggregation rather than on the capacity of substantially deeper 
architectures. Using a relatively simple backbone provides a controlled setting in which the effect of 
aggregating intermediate and deep convolutional representations can be evaluated more directly. 
Therefore, the proposed method is positioned as a lightweight multi-level feature aggregation 
approach for improving discriminative representations within a compact CNN, rather than as a 
replacement for modern high-capacity architectures. Although numerous studies have demonstrated 
the effectiveness of sophisticated recognition architectures, it remains difficult to determine which 
performance gains originate from increased model capacity and which arise from improvements in 
representation learning itself. For this reason, feature aggregation provides an attractive direction 
because it can potentially improve representation quality without fundamentally changing the 
underlying backbone structure. 

Motivated by these observations, this paper investigates a lightweight multi-level feature 
aggregation strategy for fine-grained image classification within a compact CNN framework. Rather 
than introducing a fundamentally new recognition architecture, the study examines whether 
aggregating intermediate and deep convolutional representations can improve discriminative 
representation learning while preserving architectural simplicity. Experimental results demonstrate 
consistent improvements over the corresponding single-level baseline. 

2. Related Work 

Research in image recognition has been fundamentally transformed by the emergence of deep 
learning and convolutional neural networks (CNNs). Early breakthroughs demonstrated that deep 
CNN models trained on large-scale datasets substantially outperform traditional hand-crafted feature 
pipelines, establishing hierarchical representation learning as the central paradigm in visual 
recognition [1]. Subsequent architectural developments, including VGG, Inception, and residual 
networks, further improved accuracy through increased depth and more effective optimization 
strategies [2]-[4]. Comprehensive overviews of deep learning and CNN-based visual understanding 
summarize these advances and highlight the importance of learned hierarchical representations in 
modern computer vision systems [5]-[7]. 

Beyond increasing network depth, numerous architectural refinements have been proposed to 
enhance representation quality and training stability. Dense connectivity patterns, widened residual 
blocks, and network-in-network structures aim to improve gradient flow, reduce redundancy, and 
increase parameter efficiency within convolutional backbones [8]-[10]. In parallel, research has 
explored automatic architectural optimization and evolutionary design strategies to further improve 
classification performance [11]. Lightweight CNN variants have also been developed for application-
specific scenarios requiring efficiency under practical constraints [12]. These studies collectively 



emphasize that representation quality and architectural design play a decisive role in visual 
recognition performance. 

Fine-grained visual classification represents a particularly challenging subdomain of image 
recognition, where object categories exhibit high inter-class similarity and subtle discriminative cues. 
Benchmark datasets such as CUB-200-2011 and Oxford Flowers 102 exposed the limitations of 
generic CNN descriptors when applied to visually similar categories [13], [14]. Early fine-grained 
methods relied on part-based and region-aware modeling to localize informative object components, 
often incorporating region proposal mechanisms inspired by detection frameworks [15], [16]. 
However, such approaches may require additional annotations or introduce increased computational 
complexity. 

To reduce dependence on explicit part supervision, later methods focused on strengthening global 
feature representations. Bilinear CNN models demonstrated that second-order feature interactions 
can significantly enhance fine-grained discrimination [17], while other approaches achieved 
competitive performance without explicit part annotations by improving global descriptor learning 
[18]. Recent work has also explored multi-view active recognition as a means of acquiring 
complementary information for fine-grained classification [19]. Broader studies and surveys 
systematically summarize the development of fine-grained recognition methods and underline the 
importance of representation-level improvements in high-similarity classification scenarios [20], 
[21]. 

In addition to deep architectures, classical multiresolution and texture-based analysis has long 
contributed to visual recognition theory. Wavelet-based multiresolution decomposition provides a 
theoretical foundation for capturing hierarchical spatial patterns [22], while local binary patterns 
and statistical texture models demonstrated the effectiveness of localized feature representations 
[23], [24]. Scattering convolution networks further combined predefined multiscale filters with 
learning-based processing to achieve stability and robustness to deformations [25]. These 
foundational ideas reinforce the importance of multi-level and multi-scale representation strategies 
in discriminative visual modeling. 

Overall, existing research indicates that fine-grained recognition depends strongly on the ability 
to retain information across multiple levels of abstraction. Feature fusion strategies address this 
requirement by integrating representations extracted at different stages of a network. Recent 
methods have further improved fine-grained recognition through attentive pairwise feature 
interaction [26], channel-attention-based progressive multi-granularity training [27], Transformer-
based architectures with attention-guided token selection [28], and semantic and attentive data 
mixing augmentation [29]. Although these approaches achieve strong recognition performance, they 
generally employ substantially deeper pretrained backbones, attention mechanisms, multi-stage 
training procedures, or more complex architectural components. The present work takes a more 
constrained approach by examining whether intermediate and deep convolutional features can be 
aggregated within a compact single-backbone CNN using only global average pooling, 
concatenation, and a linear projection layer. In this way, the study focuses on the representational 
effect of multi-level feature aggregation rather than on introducing a complex recognition 
framework. 

3. Method 

This study employs a convolutional neural network (CNN) as the core framework for discriminative 
image representation learning and classification. CNN architectures enable hierarchical feature 
extraction directly from raw images through stacked convolutional, pooling, and nonlinear 
activation layers. Such hierarchical processing allows the model to capture both local structural 



details and high-level semantic patterns, which is particularly important for fine-grained recognition 
tasks involving visually similar categories. 

The backbone follows a compact standard CNN design with stacked convolutional blocks and 
max pooling to progressively extract hierarchical visual features. This relatively simple architecture 
provides a controlled setting for evaluating the contribution of the proposed aggregation strategy 
without relying on substantially deeper backbone designs. Convolution kernels of size 3×3 are used 
throughout the backbone to maintain parameter efficiency while preserving local spatial 
information. Each convolutional block consists of a convolutional layer followed by batch 
normalization and a ReLU activation function, with max pooling applied where indicated. 

To improve feature separability in fine-grained recognition tasks, the proposed aggregation 
strategy explicitly combines features extracted at multiple depths of the CNN backbone. Different 
convolutional layers capture complementary visual characteristics: intermediate layers encode 
localized texture and structural cues, whereas deeper layers represent higher-level semantic patterns. 
Therefore, multi-level feature representations are extracted and integrated prior to the final 
classification stage. 

The resulting architecture integrates multi-level features while preserving the original backbone 
design, as illustrated in Figure 1. 

 

Figure 1: Architecture of the proposed multi-level feature aggregation framework. 

The complete network architecture and layer configuration are summarized in Table 1. 

Table 1 
Architecture of the proposed convolutional neural network 

Layer Configuration 

Conv Block 1 96 filters, 3×3 kernel, stride 2, batch normalization, max 
pooling 

Conv Block 2 256 filters, 3×3 kernel, batch normalization, max pooling 



Conv Block 3 384 filters, 3×3 kernel, batch normalization 

Conv Block 4 384 filters, 3×3 kernel, batch normalization 

Conv Block 5 256 filters, 3×3 kernel, batch normalization, max pooling 

Multi-level Aggregation GAP on Conv3 Conv5 feature maps + concatenation 

Projection Layer Fully connected, 512-dimensional embedding 

Classification Layer K neurons, softmax 

The aggregation process can be formally described as follows. Let the output feature maps of the 
third, fourth, and fifth convolutional blocks be denoted as 𝐹(3), 𝐹(4) and 𝐹(5), where each 𝐹(𝑖) ∈
ℝ𝐶𝑖×𝐻𝑖×𝑊𝑖  represents a three-dimensional tensor containing 𝐶𝑖 channels with spatial dimensions 
𝐻𝑖 ×𝑊𝑖 . 

To obtain compact vector representations from each hierarchical level, global average pooling 
(GAP) is applied to the corresponding feature maps. The pooled feature vector of level  is computed 
as 

𝑧(𝑖) = 𝐺𝐴𝑃(𝐹(𝑖)) =
1

𝐻𝑖𝑊𝑖
∑∑

𝑊𝑖

𝑣=1

𝐹(𝑖)

𝐻𝑖

𝑢=1

(: , 𝑢, 𝑣), 
(1) 

where 𝑧(𝑖) ∈ 𝑅𝐶𝑖  denotes the aggregated channel-wise descriptor obtained from the 𝑖-th 
convolutional block, for 𝑖 ∈ {3,4,5}. 

The multi-level discriminative representation is formed by concatenating the pooled vectors from 
the selected layers: 

𝑧 = [𝑧(3) ∥ 𝑧(4) ∥ 𝑧(5)], (2) 

where || denotes vector concatenation and 𝑧 ∈ ℝ𝐶3+𝐶4+𝐶5 . In the adopted architecture, this 
produces a 1024-dimensional concatenated descriptor before projection. 

To ensure dimensional consistency, the concatenated representation is projected into a unified 
embedding space through a linear transformation: 

𝑧̃ = 𝑊𝑓𝑧 + 𝑏𝑓 , (3) 

where 𝑊𝑓 ∈ ℝ𝐷×(𝐶3+𝐶4+𝐶5) and 𝑏𝑓 ∈ ℝ𝐷 are learnable parameters of the projection layer, and 

𝐷 = 512 denotes the dimensionality of the unified embedding space. The resulting vector 𝑧̃ ∈ ℝ𝐷 
constitutes the fused discriminative embedding used for classification. A dropout layer with 
probability 𝑝 = 0.5 is applied to the fused embedding prior to the final classification layer. 

The projected representation is passed to the final classification layer followed by a softmax 
activation to produce class probabilities. The network is trained using the standard cross-entropy 
loss: 

𝐿 = −∑

𝐾

𝑐=1

𝑦𝑐log𝑦𝑐̂ , 
(4) 

where 𝐾 is the number of target classes, 𝑦𝑐 is the ground-truth label, and 𝑦𝑐̂ denotes the predicted 
probability for class 𝑐. 



4. Experiments 

All experiments were implemented in Python using the PyTorch framework and executed on a 
workstation equipped with an NVIDIA GPU. The convolutional backbone was initialized with 
ImageNet-pretrained weights, while the newly introduced projection and classification layers were 
randomly initialized. The complete network was then fine-tuned end-to-end on each target dataset. 
Batch normalization layers were optimized jointly with the convolutional backbone during training. 
The same training protocol, preprocessing pipeline, optimizer settings, and input resolutions were 
used for both the baseline CNN and the proposed aggregation model unless stated otherwise. 

The proposed method was evaluated on two publicly available fine-grained image classification 
benchmarks: CUB-200-2011 and Oxford Flowers 102. CUB-200-2011 contains 11,788 images 
belonging to 200 bird species characterized by high inter-class similarity and subtle discriminative 
cues, whereas Oxford Flowers 102 consists of 8,189 images from 102 flower categories with 
considerable appearance variability. The official dataset splits were used throughout all experiments. 
For CUB-200-2011, the official train/test split was used, while for Oxford Flowers 102, the standard 
training, validation, and testing partitions were preserved according to the official dataset protocol. 
The selected datasets provide complementary evaluation scenarios for fine-grained recognition. 
CUB-200-2011 emphasizes subtle inter-species variations among bird categories, whereas Oxford 
Flowers 102 contains substantial variation in shape, texture, and color across flower classes. 
Evaluating the proposed method on both datasets allows the proposed aggregation strategy to be 
assessed under different forms of visual similarity and intra-class variability. 

 

Figure 2: Representative examples of visually similar categories from the CUB-200-2011 and Oxford 
Flowers 102 datasets. 

Figure 2 illustrates the high inter-class similarity characteristic of both datasets. The selected 
bird categories have a similar overall appearance and differ mainly in subtle morphological 
characteristics, whereas the flower categories share comparable color and shape patterns while 



differing in finer structural details. These examples illustrate why fine-grained recognition requires 
sensitivity to subtle class-specific visual differences. 

During training, input images were resized and randomly cropped to the target input resolution, 
followed by random horizontal flipping and normalization using ImageNet mean and standard 
deviation statistics. During validation and testing, images were resized to the corresponding target 
resolution and normalized using the same statistics without random augmentation. For each target 
dataset, the network was fine-tuned for 200 epochs using stochastic gradient descent with 
momentum 0.9 and weight decay 1e-4. The initial learning rate was set to 0.01 and reduced by a 
factor of 0.1 at epochs 100 and 150. A batch size of 32 was used. Dropout regularization with 
probability 𝑝 = 0.5 was applied to the projected 512-dimensional embedding before the final 
classification layer to reduce overfitting. The selected training protocol was intentionally kept 
identical for both the baseline and the proposed model in order to ensure a fair comparison. By 
maintaining the same optimization strategy, learning rate schedule, regularization settings, and data 
preprocessing pipeline, the experimental evaluation isolates the influence of the proposed multi-level 
feature aggregation strategy from other factors that may affect classification performance. This 
controlled setup allows performance differences to be attributed primarily to the representation 
learning strategy rather than to variations in training conditions. 

To assess training stability, the proposed model was fine-tuned three times on each dataset using 
different random seeds while keeping the remaining training protocol unchanged. The reported 
classification accuracies correspond to the mean and standard deviation across these independent 
runs. 

To evaluate the effectiveness of the proposed multi-level feature aggregation strategy, a baseline 
CNN configuration without multi-level feature aggregation was implemented. In the baseline model, 
only the globally pooled output representation of the final convolutional block was projected into 
the same 512-dimensional embedding space and forwarded to the classification layer, whereas the 
proposed framework aggregates intermediate and deep convolutional representations as described 
in Section 3. 

Table 2 summarizes the classification accuracy obtained by the baseline and the proposed model 
on both benchmark datasets. 

Table 2 
Classification accuracy (%) of the baseline CNN and the proposed multi-level aggregation model 

Model CUB-200-2011 Oxford Flowers 102 

Baseline CNN 73.2 86.8 

Proposed (multi-level aggregation) 76.1 ± 0.3 89.5 ± 0.2 

As shown in Table 2, the proposed model improves the baseline by 2.9 percentage points on CUB-
200-2011 and by 2.7 percentage points on Oxford Flowers 102. The relatively low standard deviations 
of 0.3 and 0.2 percentage points, respectively, indicate that the proposed aggregation strategy 
provides stable performance across independent training runs. 

The purpose of this comparison is to isolate the contribution of multi-level feature aggregation 
under identical training conditions rather than to compete with substantially deeper architectures. 



To quantify the contribution of individual aggregation stages, an ablation analysis was conducted 
by progressively integrating convolutional representations extracted from different depths of the 
network. 

Table 3 
Ablation study of multi-level feature aggregation 

Model Variant CUB (%) Flowers (%) 

Conv5 only (baseline) 73.2 86.8 

Conv4 + Conv5 74.6 88.0 

Conv3 + Conv4 + Conv5 (proposed) 76.1 89.5 

The results demonstrate that incorporating intermediate convolutional representations 
consistently improves classification performance. The progressive gains suggest that intermediate 
representations provide complementary information beyond the final Conv5 features. 

Additional experiments were performed to evaluate the influence of input resolution on 
classification performance. The proposed aggregation framework was tested using multiple input 
sizes while preserving identical training settings. 

Table 4 
Influence of input resolution on classification accuracy 

Resolution CUB (%) Flowers (%) 

224 × 224 76.1 89.5 

280 × 280 77.3 90.4 

336 × 336 78.1 91.0 

Increasing the input resolution produces moderate but consistent improvements on both datasets. 
This behavior is expected in fine-grained classification tasks, where subtle local structures and 
texture patterns benefit from higher spatial resolution. The consistent gains across input sizes 
indicate that the aggregation strategy remains effective as additional spatial detail becomes available. 

To place the obtained results in the context of existing fine-grained recognition research, Table 5 
compares the proposed method with representative part-based, bilinear, attention-based, 
augmentation-based, and Transformer-based approaches. 

Table 5 
Comparison of the proposed method with representative fine-grained image classification 
approaches. 

Method Backbone Pretrai
ning 

Extra 
supervision 

Main idea CUB-
200-2011 

(%) 

Flowers 
102 (%) 

Part-Based 
R-CNN [15] 

AlexNet + R-
CNN 

Image
Net 

Parts + 
boxes 

Part detection 73.9  



B-CNN [17] D-Net + M-
Net 

Image
Net 

None Bilinear pooling 84.1  

Krause et al. 
[18] 

VGG-19 Image
Net 

Bounding 
boxes 

Automatic part 
generation 

82.0  

API-Net [26] DenseNet-
161 

Image
Net 

None Attentive pairwise 
feature interaction 

90.0  

CA-PMG 
[27] 

ResNet-101 Image
Net 

None Channel attention 
and progressive 

multi-granularity 
training 

89.2  

TransFG 
[28] 

ViT-B/16 Image
Net-
21K 

None Transformer with 
attention-guided 
token selection 

91.7  

SADMix [29] ResNet-50 Image
Net 

None Semantic and 
attentive data mixing 

augmentation 

89.2  

Proposed Compact 
CNN 

Image
Net 

None Multi-level GAP 
aggregation 

76.1 ± 0.3 89.5 ± 0.2 

-level class labels is used. A 
 

Table 5 shows that representative recent fine-grained recognition methods report higher absolute 
classification accuracy, although these results are obtained using different backbone architectures, 
pretraining datasets, input resolutions, and training protocols. In contrast, the proposed method 
focuses on a lightweight CNN architecture with simple multi-level feature aggregation based on 
global average pooling and feature concatenation, providing an architecturally simpler alternative 
while consistently improving performance over the corresponding baseline. 

Consistent with the comparison presented in Table 5, the proposed approach introduces only 
additional global average pooling operations, feature concatenation, and an expanded linear 
projection while leaving the convolutional backbone unchanged. 

Compared with the baseline configuration, the proposed aggregation strategy increases the 
projection input dimensionality from 256 to 1024, introducing 393,216 additional trainable weights 
in the projection layer. Since global average pooling and feature concatenation introduce no trainable 
parameters, the additional model complexity is confined to this single linear projection, while the 
convolutional backbone remains unchanged. Therefore, the proposed method achieves improved 
discriminative performance with only a modest increase in model complexity. 

Despite the positive results, several limitations should be acknowledged. The proposed 
experiments were conducted using a compact CNN backbone initialized with ImageNet-pretrained 
weights and fine-tuned under controlled conditions. Consequently, the study does not evaluate the 
proposed method in combination with substantially deeper convolutional architectures, alternative 
pretraining schemes, or transformer-based feature extractors. In addition, only two fine-grained 
benchmark datasets were considered. Further investigation on larger and more diverse datasets 
would provide a more comprehensive assessment of the generalization capability of the proposed 
approach. 



5. Conclusion 

This paper investigated a lightweight multi-level feature aggregation method for fine-grained image 
classification within a compact convolutional neural network framework. The proposed approach 
integrates intermediate and deep convolutional representations through global average pooling and 
concatenation without relying on attention mechanisms, explicit part localization, external 
supervision, or complex multi-branch designs. 

Experimental evaluation on the CUB-200-2011 and Oxford Flowers 102 datasets demonstrated 
that the proposed aggregation strategy consistently improved classification accuracy compared with 
the baseline CNN configuration. Additional ablation experiments confirmed the complementary 
contribution of intermediate convolutional representations, while resolution analysis showed stable 
performance improvements at higher input sizes. 

Although deeper backbone architectures may achieve higher absolute recognition accuracy, the 
proposed method provides a compact alternative for improving feature separability without 
introducing substantial additional model complexity. The obtained results suggest that multi-level 
feature aggregation is a useful strategy for improving compact CNN-based models in fine-grained 
recognition tasks involving high inter-class similarity. 

Future work may investigate integration with deeper backbone architectures, alternative feature 
fusion strategies, and evaluation on additional fine-grained visual recognition benchmarks. 
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