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Abstract: Image classification on resource-constrained systems needs compact image representations that balance prediction metrics 

with computing efficiency. This study offers a detailed evaluation of RGB, Red, Green, Blue, and Grayscale image representations 

using the Agricultural Multi-Class Dataset (AMCD). Images were resized to 16 × 16 and 32 × 32 pixels and tested with Random Forest, 

Linear Support Vector Machine, Logistic Regression, and Extreme Gradient Boosting. Additionally, three channel-wise ensemble 

strategies—Majority Voting, Weighted Majority Voting, and Stacking—were explored to see the benefits of combining individual 

color channels. The experimental results indicate that increasing the image resolution from 16 × 16 to 32 × 32 consistently boosts 

classification performance. Linear SVM achieved the best accuracy of 63.05% with RGB images, while Random Forest offered the 

best balance between classification performance and computing efficiency. Among the individual color channels, the Blue channel 

emerged as the strongest lightweight alternative, reducing the feature dimensionality by nearly threefold while maintaining competitive 

classification performance. Although the ensemble methods improved some single-channel representations, they did not surpass the 

RGB representation. This suggests that preserving full color information is more useful than combining decisions. The findings give 

practical guidelines for choosing image representations and classifiers for effective image classification in IoT, embedded, and edge 

computing settings. 

Keywords: Channel analysis, IoT, Edge computing, Ultra-low-resolution image classification, Channel-wise ensemble, Machine 

learning. 

___________________________________________________________________________________________________________

INTRODUCTION:  

The growing adoption of the Internet of Things (IoT), edge 

computing, and embedded vision systems has enabled image 

classification to be deployed directly on resource-constrained 

devices, reducing the reliance on cloud infrastructure and enabling 

real-time decision-making. However, these devices usually have 

limited processing power, memory, storage, and energy, making 

computational efficiency an important consideration when 

designing image classification algorithms (Shi et al., 2016; 

Satyanarayanan, 2017). In such environments, reducing the amount 

of image data without significantly affecting recognition 

performance can improve both processing speed and resource 

utilization. 

One straightforward way to reduce computational requirements 

is to decrease image resolution and simplify color representation 

(Torralba, A., 2009). Although high-resolution RGB images contain 

rich visual information, they also increase feature dimensionality 

and computational cost. In contrast, ultra-low-resolution images and 

single-channel representations (Red, Green, Blue, or Grayscale) 

require considerably fewer features, making them attractive for 

deployment on resource-constrained and edge devices. However, 

the extent to which these compact representations preserve the 

information required for accurate classification has not been 

thoroughly investigated. 

To explore this trade-off, this study uses the recently 

introduced Agricultural Multi-Class Dataset (AMCD), 

which consists of 5,405 images of size 512 × 512 pixels 

belonging to 77 classes of agricultural crops and flowers 

captured under diverse real-world conditions (Karim et al., 

2026). Images are resized to 16 × 16 and 32 × 32 pixels and 

represented using RGB, individual color channels, and 

Grayscale images. Four machine learning classifiers are 

evaluated using stratified cross-validation to identify the 

most suitable classifier for ultra-low-resolution image 

classification. The best-performing classifier is subsequently 

used to train independent models on the Red, Green, and 

Blue channels, which are then combined using different 

ensemble strategies to examine whether channel-wise fusion 

improves classification performance. The proposed 

framework is evaluated in terms of classification accuracy, 

feature dimensionality, training time, and inference time, 

providing practical insights into the impact of image 

resolution, color representation, and classifier selection for 

efficient image classification on IoT, embedded, and edge 

computing platforms. 

 

LITERATURE REVIEW 

Image classification has become a fundamental task in 

computer vision because of its wide range of applications, 

including healthcare, agriculture, surveillance, industrial 

inspection, and autonomous systems. While deep learning has 

substantially improved classification accuracy, its 

computational requirements often make deployment difficult 

on resource-constrained platforms, such as IoT devices, 
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embedded systems, and edge devices. These platforms 

typically operate with limited processing capability, memory, 

and energy, making computational efficiency an equally 

important consideration alongside predictive performance. As 

a result, lightweight machine learning techniques continue to 

play an important role in applications where rapid inference 

and efficient resource utilization are essential (Shi et al., 2016; 

Satyanarayanan, 2017). 

Besides the learning algorithm itself, the way an image is 

represented has a significant influence on both classification 

performance and computational cost. Most image classification 

systems process images in the RGB color space by default, even 

though the three channels often contain redundant information. This 

has encouraged researchers to investigate alternative color 

representations that either improve discriminative capability or 

reduce computational complexity. Gowda and Yuan (2019), for 

instance, showed that combining information from different color 

spaces can improve image classification while maintaining a 

relatively compact model. Their findings suggest that color 

representation should be considered an integral part of the 

classification pipeline rather than merely a preprocessing choice. 

Interest has also grown in understanding the contribution of 

individual color channels. Instead of treating RGB as a single entity, 

recent studies have shown that each channel captures different 

visual characteristics. Yoo (2023) demonstrated that quantitative 

information extracted from individual Red, Green, and Blue 

channels can be effectively utilized in machine vision applications. 

Likewise, Gelir et al. (2025) reported that features extracted 

separately from RGB and HSV channels improved retinal disease 

classification, indicating that color-specific information can 

enhance visual recognition. Although these studies highlight the 

importance of color information, their primary objective is feature 

extraction for specific application domains rather than evaluating 

the effectiveness of individual color channels as compact image 

representations. 

Reducing image resolution offers another practical way to 

decrease computational requirements. Smaller images contain fewer 

pixels, resulting in lower memory consumption, reduced storage 

requirements, and faster processing. These advantages are 

particularly valuable for IoT and edge computing applications, 

where hardware resources are inherently limited. Despite these 

benefits, most existing studies continue to rely on relatively high-

resolution images or deep feature representations (Khayya et al., 

2024; Gowda & Yuan, 2019). Comparatively little attention has 

been given to understanding how aggressively image resolution can 

be reduced before classification performance begins to deteriorate 

(Khayya et al., 2024). 

Similarly, evaluations involving lightweight machine 

learning algorithms remain less common than deep learning 

approaches (Khayya et al., 2024) despite their suitability for 

deployment on resource-constrained platforms. Consequently, 

there is still limited evidence regarding how different color 

representations perform after substantial spatial 

downsampling or whether processing full RGB images 

provides sufficient benefits to justify the additional 

computational cost. 

Although previous studies have demonstrated the 

importance of image resolution and color representation for 

image classification, their combined influence has not been 

systematically investigated using lightweight machine 

learning approaches. To address this gap, the present study 

uses the Agricultural Multi-Class Dataset (AMCD) (Karim et 

al., 2026) to compare RGB, individual Red, Green, Blue, and 

Grayscale representations at ultra-low resolutions using four 

widely adopted machine learning classifiers. In addition, a 

channel-wise ensemble is evaluated to determine whether 

combining predictions from individual color channels offers 

any additional benefit. By examining classification 

performance alongside computational efficiency, this study 

provides practical insights into selecting suitable image 

representations and classifiers for resource-constrained IoT, 

embedded, and edge computing applications. 

 

METHODOLOGY 

This study investigates the influence of image resolution and 

color representation on image classification performance 

under resource-constrained settings. RGB, individual Red, 

Green, Blue, and Grayscale representations are evaluated at 

ultra-low resolutions using lightweight machine learning 

classifiers to examine the trade-off between classification 

performance and computational efficiency. Based on the 

comparative analysis, the best-performing classifier is further 

used to investigate whether combining independently trained 

RGB channel models through ensemble learning improves 

classification performance. The overall workflow of the 

proposed framework is illustrated in Figure 1. 
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Fig. 1 – Experimental Workflow 

 

3.1.  Dataset 

Experiments were performed using the Agricultural Multi-Class 

Dataset (AMCD) (Karim et al., 2026), which contains 5,405 JPEG 

images belonging to 77 subclasses distributed across four 

categories: flowers (1,765 images; 25 subclasses), vegetables (1,610 

images; 23 subclasses), fruits (1,400 images; 20 subclasses), and 

crops/grains (630 images; 9 subclasses). The images were captured 

under diverse environmental conditions. The variations in 

illumination, viewpoint, object orientation, and background provide 

a challenging benchmark for evaluating image classification 

algorithms. Although originally developed for agricultural image 

classification, the dataset is used here as a benchmark to evaluate 

compact image representations for resource-constrained image 

classification. 

 

3.2.  Image Preprocessing and Color Representation 

 

All images were resized to 16 × 16 and 32 × 32 pixels prior to feature 

extraction. These resolutions were chosen because they 

significantly reduce the amount of image data that must be 

processed, making them well suited for resource-constrained 

environments such as IoT devices, embedded systems, and edge 

platforms, where memory and computational resources are limited. 

Each resized image was represented in five different forms: the 

original RGB image, the individual Red, Green, and Blue channels, 

and a Grayscale image. While the RGB representation retains 

complete color information, the individual channels and grayscale 

image provide more compact representations, allowing the effect of 

color information on classification performance and computational 

efficiency to be evaluated. Pixel intensities were normalized to the 

range [0, 1] before feature extraction to ensure a consistent 

numerical scale across all experiments.  

 

3.3. Feature Representation 

 

Each processed image was transformed into a one-dimensional 

feature vector (𝑑) by flattening its pixel values as given in Eq. 

(1). Consequently, the feature dimensionality depends on both 

the image resolution and the selected color representation. 

 

For an image of dimensions 𝑀 × 𝑁, 

𝑑 = {
3𝑀𝑁,                                𝑅𝐺𝐵 𝐼𝑚𝑎𝑔𝑒
𝑀𝑁, 𝑅, 𝐺, 𝐵, 𝑜𝑟 𝐺𝑟𝑎𝑦𝑠𝑐𝑎𝑙𝑒 𝐼𝑚𝑎𝑔𝑒

          (1) 

 

Thus, RGB images contain three times more features than 

the corresponding single-channel representations, resulting in 

higher memory requirements and computational cost. 
 

3.4.  Classification Models 

Four supervised machine learning classifiers were evaluated in 

this study, namely Random Forest [RF] (Breiman, 2001), 

Linear Support Vector Machine [LSVM] (Cortes & Vapnik, 

1995), Logistic Regression [LR] (Cox, 1958), and Extreme 

Gradient Boosting [XGBoost] (Chen & Guestrin, 2016). These 

algorithms were selected because they represent different 

learning paradigms while remaining computationally efficient 

compared with deep learning models. Random Forest and 

XGBoost are ensemble learning methods capable of modelling 

complex decision boundaries, whereas Linear SVM and 

Logistic Regression provide efficient linear classification 

models that perform well on high-dimensional feature spaces. 

To study the effect of complementary information across color 

channels, the classifier demonstrating the best overall 

performance was used to develop a channel-wise ensemble. 

Separate classifiers were trained using the Red, Green, and 

Blue image representations, and three ensemble strategies—

Majority Voting, Weighted Majority Voting, and Stacking—

were investigated to examine whether combining channel-

specific predictions improves classification performance. 

Majority Voting determines the final class based on the 

prediction receiving the highest number of votes from the three 

independently trained channel-specific classifiers. Weighted 

Majority Voting extends this approach by assigning different 

weights to the predictions of the individual classifiers before 

determining the final class (Kuncheva, 2004). In this study, the 

weights were derived from the classification accuracy of the 

corresponding channel-specific classifiers. Stacking combines 

the predictions of the base classifiers through a meta-classifier 

that learns how to integrate their outputs (Wolpert, 1992). In 

this work, Linear Support Vector Machine was used as the 

meta-classifier. 

 

3.5. Experimental Setup 



 

 

Jagannath University Journal of Research and Review (JUJRR), Volume No. 02, Issue No. 02 (July, 2026)                                              ISSN: 3049-1290 

107 
 

All experiments were implemented in Python 3.x using the 

Scikit-learn library. The abovementioned four machine 

learning classifiers were evaluated using 3-fold stratified 

cross-validation, ensuring that the class distribution was 

preserved in each fold. Performance was reported as the 

average across the three folds to provide a reliable estimate of 

classifier performance. The framework was evaluated using 

three performance metrics- Accuracy, macro F1-score and 

macro ROC-AUC (Area under ROC curve). To assess the 

computational efficiency of algorithms, the training time and 

inference time was also recorded. 

 

RESULTS AND DISCUSSION 

This section presents the results of experiments performed on the 

different image representations. The performance of the 

abovementioned machine learning classifiers is first compared on 

RGB images to assess the algorithms on the basis of their 

performance and computation timings. RF and LSVM were selected 

as they performed better than the other two classifiers. The selected 

classifiers were then used for classification of the converted low-

resolution RGB images, the individual Red, Green, and Blue 

channels, and Grayscale image for each image in the given dataset. 

The best-performing LSVM and RF classifiers over individual Red, 

Green and Blue channels were then used to generate the channel-

based ensemble. 

 

4.1. Selection of Classifier  

The performance of the four classifiers was assessed using feature 

vectors obtained from RGB image format for the 16 × 16 and 32 × 

32  images (See Sec. 3.2). Table 1 lists the performance metrics and 

the training/inference timings for each classifier on the basis of RGB 

image format.  

 

Table 1. Performance comparison of classifiers using 

RGB images. 

 

Image 

Resolution 

Classifier Accuracy F1-

score 

ROC—

AUC 

Training 

Time (s) 

Inference 

Time (s) 

16×16 LR 0.54 0.54 0.90 27.7 0.0 

LSVM 0.57 0.57 0.92 26.3 4.6 

RF 0.59 0.57 0.91 10.6 0.3 

XGBoost 0.56 0.56 0.95 528.5 0.1 

32×32 LR 0.57 0.57 0.94 77.6 0.0 

LSVM 0.63 0.63 0.95 115.0 14.1 

RF 0.61 0.60 0.92 24.5 0.2 

XGBoost 0.59 0.59 0.95 3746.4 0.2 

*Highest values of performance metrics are highlighted in 

bold 

 

It may be noted that increasing the image resolution from 

16 × 16 to 32 × 32 consistently improved the performance of 

all classifiers. But this improvement was accompanied by a 

fourfold increase in feature dimensionality. For RGB images, 

the number of input features increased from 768 at 16 × 16 

resolution to 3072 at 32 × 32, providing richer image 

information but also increasing the computational cost of 

classification.  

As can be seen from Table 1, Linear SVM was the best 

performer with the highest classification accuracy (63%), F1-

score (63%) and ROC-AUC (95%) at the higher resolution, 

Random Forest was the best performer in terms of accuracy 

(59%) and F1-score (57%) on lower resolution. Also, it 

delivered comparable performance on higher resolution image 

with substantially lower training and inference times. 

Although XGBoost achieved the highest ROC-AUC, its 

training time increased considerably with image resolution, 

exceeding 3,700 seconds at 32 × 32, making it less suitable for 

resource-constrained deployment. Logistic Regression 

remained computationally efficient but consistently produced 

the lowest classification accuracy.  

 

4.2. Color-channels for Image Identification 

To understand the contribution of individual color channels, 

each classifier was evaluated using Red, Green, Blue, and 

Grayscale images. Table 2 summarizes the performance 

metrics and training/inference timings for the best-performing 

classifier for each image representation. 

 

Table 2. Best-performing classifier for each color channel. 

Image 

Res. 

Best 

Classifier 

Color  Acc. F1- 

score 

ROC- 

AUC 

Training 

Time (s) 

Infer

ence 

Time 

(s) 

16×16 RF RGB 0.59 0.57 0.91 10.6 0.3 

R 0.52 0.51 0.89 6 0.2 

G 0.52 0.51 0.88 6 0.2 

B 0.54 0.53 0.9 8 0.3 

GS 0.5 0.5 0.88 6 0.2 

32×32 LSVM RGB 0.63 0.63 0.95 115 14.1 

R 0.54 0.55 0.92 26 4.2 

G 0.54 0.54 0.91 31 4.7 

B 0.56 0.56 0.92 26 4.2 
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GS 0.52 0.53 0.9 28 4.3 

R: Red, G: Green, B: Blue, GS: Grayscale 

 

It is clear from Table 2 that RGB consistently 

outperformed all single-channel representations, highlighting 

the importance of preserving complete color information. 

Among the individual channels, the Blue channel achieved the 

highest classification accuracy at both resolutions, followed by 

the Red and Green channels, while Grayscale format reported 

the weakest performance. Although the individual color 

channels resulted in lower classification accuracy as compared 

to RGB format, they required substantially fewer input 

features. At 16 × 16 resolution, RGB images generated 768 

features, whereas each individual color channel contained only 

256 features. Similarly, at 32 × 32 resolution, the feature 

dimensionality was reduced from 3072 to 1024 features in case 

of individual color channel feature representation. Despite this 

threefold reduction in feature size, the Blue channel achieved 

an accuracy of 56%, only about 7 percentage points lower than 

the RGB representation (63%), demonstrating that competitive 

classification performance can be achieved using considerably 

fewer features. Thus, RGB image format holds a richer set of 

information as compared to individual Red, Green and Blue 

channels or the corresponding Grayscale image. 

 

4.3. Channel-based Ensemble  

To investigate whether combining independently trained Red, 

Green, and Blue channel models could improve classification 

performance, three decision-level fusion strategies were 

evaluated, namely, Majority Voting, Weighted Majority 

Voting and Stacking. The results obtained on channel-based 

ensembles using these strategies are presented in Table 3. 

 

Table 3. Performance comparison of channel-wise 

ensemble methods. 

 

Resolution Ensemble 

Method 

Acc. F1-

score 

ROC-

AUC 

Training 

Time (s) 
Inference 

Time (s) 

16×16 Majority 

Voting 

0.51 0.51 0.9 45 7 

Weighted 

Majority 
Voting 

0.52 0.52 0.78 31 5 

Stacking 0.52 0.53 0.93 35 5 

32×32 Majority 

Voting 

0.56 0.57 0.93 108 18 

Weighted 

Majority 

0.56 0.57 0.81 82 14 

Voting 

Stacking 0.55 0.59 0.95 95 15 

 

The three ensemble methods produced comparable classification 

performance, with accuracies ranging from 51% to 56%. Majority 

Voting and Weighted Majority Voting achieved the highest 

accuracy at 32 × 32, whereas Stacking produced the highest F1-

score and ROC-AUC, indicating better ranking ability and class 

separability. However, none of the ensemble methods exceeded the 

performance of the RGB representation. 

The limited improvement obtained through ensemble 

learning suggests that the discriminative information 

contained in the Red, Green, and Blue channels is largely 

overlapping. Consequently, combining independently trained 

channel-specific models provides only a modest benefit over 

the individual channels and cannot recover the richer 

information available in the original RGB image. Among the 

evaluated ensemble approaches, Weighted Majority Voting 

achieved a favorable balance between predictive performance 

and computational cost, while Stacking required additional 

training without a corresponding improvement in 

classification accuracy. 

Overall, the results demonstrate that RGB remains the most 

informative representation for ultra-low-resolution image 

classification. However, reducing the feature dimensionality 

by nearly threefold through the use of a single color channel 

resulted in only a moderate reduction in classification 

accuracy, with the Blue channel providing the strongest 

performance among the compact representations. These 

findings suggest that significant feature reduction can be 

achieved while retaining much of the discriminative 

information required for classification, making single-channel 

representations attractive for deployment on resource-

constrained IoT and edge devices. 

It is important to note that the objective of this study differs 

from that of the original AMCD work, which focused on 

maximizing classification accuracy using deep learning 

models trained on high-resolution (512 × 512) images and 

reported substantially higher performance (Karim et al., 2026). 

In contrast, the present work investigates how far image 

resolution and feature dimensionality can be reduced while 

maintaining acceptable classification performance using 

lightweight machine learning models. For many IoT, 

embedded, and edge computing applications, reducing 

memory usage, computational cost, and inference time is often 

more important than achieving the highest possible 

classification accuracy. 

 

CONCLUSION 



 

 

Jagannath University Journal of Research and Review (JUJRR), Volume No. 02, Issue No. 02 (July, 2026)                                              ISSN: 3049-1290 

109 
 

This study focused on the use of ultra low resolution images 

for resource constrained systems such as IoT, edge devices, 

and embedded applications. Experiments were performed 

using the Agricultural Multi-Class Dataset (AMCD), the 

images in the dataset were converted to ultra-low resolution of 

16 × 16 and 32 × 32. Each resized image was converted to 

feature vectors in five formats: the original RGB image, the 

individual Red, Green, and Blue channels, and a Grayscale 

image. Experimentation indicates improved classification 

performance on higher resolution as compared to low 

resolution. Performance of four machine learning algorithms- 

Linear Regression, Linear SVM, Random Forest and XGBoost 

was assessed on this dataset. Linear SVM (LSVM)   achieved 

the highest accuracy, while Random Forest provided the best 

trade-off between accuracy and training timings. 

Features generated from RGB images outperformed those 

for grayscale and single channel (Red, Green, Blue) inputs, 

showing the importance of preserving full color information. 

Information conveyed by Blue channel, although low-

performer as compared to RGB, emerged as the closest 

lightweight alternative, offering a good compromise between 

reduced feature set and performance.  

Ensemble methods combining the three individual Red, 

Green and Blue channels produced competitive results, but 

they still fell short of the RGB representation. Thus, we can 

safely conclude that the original RGB images already contain 

the most discriminative information for this dataset.  

Overall, this study highlights that a highest possible image 

resolution and image representation in RGB format is more 

conducive for classification performance than use of Grayscale 

images or ensemble learning on individual color channels. 

This insight is valuable for designing efficient image 

classification systems in environments with limited 

computational resources. 

Future work will explore additional datasets and use of feature 

selection strategies to further improve classification performance 

while maintaining computational efficiency. Adaptive image 

representations can further improve classification performance for 

resource-constrained applications. 
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